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SUMMARY  

This dissertation presents a methodology for evaluating the impact of the Northwest 

Corridor managed lane on total travel time and modelled route choice.  The Northwest 

Corridor Express Lanes (NWC), completed in September 2018, added a total of 29.7 miles 

of barrier separated express lanes along I-75 from Akers Mill Road to Hickory Grove Road 

and along I-575 from I-75 to Sixes Road.  Most research evaluates the effectiveness of 

managed lane implementations, primarily by computing the travel time savings between 

adjacent general-purpose lanes and express lanes under an assumed value of time.  Few 

research studies examine differences in modelled route choice which are attributed to 

changes in total travel time from trip origin to trip destination after the implementation of 

a managed lane system which utilizes left turn exits and entries, while restricting access to 

general purpose lane exits along I-75 for Express Lane users. The fundamental difference 

between the NWC and other managed lane facilities is that the NWC have new dedicated 

access points which can only be traversed by Express Lane users.  Drivers would enter and 

exit the managed lanes without crossing the general-purpose lanes and are forbidden from 

using these dedicated access points.  The mandatory usage of left turn entries and exits to 

and from the Northwest Corridor managed lane may impact the total travel time 

experienced by motorists entering and exiting the managed lane particularly by impacting 

the distance traveled along arterial routes.  A sensitivity analysis was conducted on toll 

rates charged per mile within a VISSIM® (version 9.0) traffic simulation to observe how 

modelled route choice is impacted after the implementation of the NWC, from trip origin 

to trip destination, from 5 A.M. to 11 A.M.  The results of the VISSIM® simulations can 
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be used to enhance the development of lane choice models, which do not currently handle 

managed lane systems which restrict access to general purpose lane exits.  The traffic 

simulation, which includes 29.7 miles of the Northwest Corridor managed lane Corridor, 

162 signalized intersections and approximately 38 centerline miles of Interstate, and over 

four hundred miles of arterial routes were used to model traffic flow from both Interstate 

and arterial routes to and from the managed lane.  An Activity Based Travel Demand Model 

(ABM) provided by the Atlanta Regional Commission (ARC) is used to model trip entry 

and exit points for use within the traffic simulation.  A sensitivity analysis on toll rates 

charged per mile was conducted within a VISSIM® simulation to examine the impact of 

the Northwest Corridor managed lane on total travel time and modelled route choice.  

Results from three case studies indicated that estimated travel time savings occurred most 

consistently along routes that contained only arterial and managed lane routes, where the 

travel distance from trip origin to the managed lane access point is less than two miles.  

Some queueing occurs in advance of managed lane exits under two conditions, namely 

when travel demands are high, and when the speed variations between leading and 

following vehicles are significant due to merging behavior near the managed lane access 

points.  The research found that estimated travel time savings were most significant in cases 

when there is extreme congestion along arterial routes and the proximity to the managed 

lane entry from the trip origin is less than two miles away.  There are differences in travel 

patterns associated with the addition of dedicated Express Lane ingress and egress access 

points, particularly at Roswell Road, where Express Lane users save up to thirteen minutes 

of travel time. The dissertation concludes with a summary of results, discussion on research 

limitations, some advice for practitioners, and recommendations for future research.   
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CHAPTER 1. INTRODUCTION  

 Background 

The Federal Highway Administration (FHWA) defines a managed lane as a 

highway facility or a set of lanes where operational strategies are proactively 

implemented and managed in response to changing conditions (1).  Lane management 

applications include pricing, vehicle eligibility, and access control as shown in Figure 1.  

Pricing refers to toll lanes where a price is charged during certain time periods to manage 

traffic demand, maximize vehicle throughput, and reduce congestion.  Vehicle eligibility 

seeks to restrict certain vehicles from using the managed lane, while access control refers 

to limitations placed on vehicles to enter or exit the managed lane facility through 

dedicated exits, slip lanes, or use of general-purpose lane exits (1).  

 

Figure 1:  Lane Management Strategies (1) 
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 Northwest Corridor  Background 

The Northwest Corridor managed lane utilizes a combination of pricing, vehicle 

eligibility, and access control lane strategies by acting as a barrier separated, Express 

Lane which restricts vehicles with more than two axles and/or six wheels, and through 

the reduction of entry and exit points from the facility (2).  General purpose lane exits 

along I-75 cannot be accessed from the managed lane since managed lane entrances and 

exits utilize dedicated left exits to/from the managed lane.  This configuration differs 

from most managed lane implementations, which typically incorporate the use of existing 

Interstate exits.  In addition to different exit and entrance configurations, travelers may 

also experience a change in their arterial travel time when exiting the managed lane since 

dedicated access points do not allow drivers to utilize general purpose lane exits after 

they have entered the Express Lane.  Along I-575, general purpose lane exits are 

accessible through slip lane managed lane exits which merge into Interstate traffic. 

During the morning rush hours (6 A.M. to 9 A.M.), the managed lane operates SB along 

I-75 and I-575 as most of the traffic enters the Central Business District (CBD) towards 

downtown Atlanta region.  A map of the Northwest Corridor shown below in Figure 2 

provides the location of access points as well as the locations of reversible lane system, 

which operates Southbound from 1:00 A.M. to 11:00 A.M. and Northbound from 1:30 

P.M. to 10:30 P.M. during weekdays (2).  The express lanes are typically closed from 

11:30 A.M. to 1:00 P.M. to facilitate lane reversal to accommodate northbound traffic 

(2).  Table 1 below provides information about the characteristics of the access points 

used to enter and exit the Express Lanes from I-75, I-575, and at the I-75/I-285 

interchange.  Hickory Grove Road, Big Shanty Road, Roswell Road, Terrell Mill Road 
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represent dedicated access points with Express Lane ingress and egress from I-75.  The 

location at the I-75/I-285 interchange represents a system-to-system interchange, which 

serves as a northbound entrance and a southbound exit.  The merge access point north of 

Akers Mill Road does not represent a system-to-system interchange, as it originates on I-

75, but it does provide a northbound entrance and southbound exit for vehicles entering 

and exiting the Express Lanes.  On I-575, the access points just south of Sixes Road, 

south of SR 92/Alabama Road, and south of Chastain Road are represented as slip lanes, 

which are designated lanes originating on the Interstate (I-575) which connect to the 

Express Lanes without requiring vehicles to stop.  At intersections, slip lanes are 

typically designed as channelized right turns which allow vehicles to make a right turn 

without stopping for a red light.  For this work, northbound P.M. traffic is not considered, 

only traffic that enters and fully  exits the model from 5 A.M. ï 11 A.M are analyzed.   

While several case studies are presented in Chapter 8, there is a greater focus on 

trips that exit the Managed Lane at Roswell Road.  The simulation may model some 

travel time savings for motorists who utilize the Roswell Road Express Lane exit from a 

plethora of different origins.  Motorists utilizing general purpose lanes would need to 

travel an additional two miles along arterial routes after exiting at I-75SB exit 263 (North 

Marietta Parkway) or exit 265 (South Marietta Parkway) through arterial routes to reach 

the same area where vehicles exit the Managed Lane onto Roswell Road.  Therefore, 

these dedicated access points should impact the total travel time from trip origin to trip 

destination when compared to routes utilizing general purpose lanes.  Furthermore, the 

shortest path algorithms used in simulation may predict changes in routes for these 

specific origin and destinations.  Table 1 shows that there are two primary access types, 
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namely, slip lane ramps which allow motorists to enter or exit the Express Lanes from the 

general-purpose lanes along I-575 for a toll and the dedicated access points along I-75 as 

described in Table 1.  The dedicated access points are only available to Express Lane 

users, who enter and exit the Express Lane without crossing general purpose lanes.  

Motorists cannot access general purpose lanes once they have entered the Express Lanes.   

 

Figure 2:  Northwest Corridor Access Points (2) 
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Table 1: Northwest Corridor Managed Lane Access Points 

 

According to FHWA, tolling involves the imposition of fees for the use of a 

roadway facility (1).  Tolling strategies are used primarily as a revenue source to finance 

construction, maintenance, and operations projects and reduce highway congestion by 

optimizing available road capacity during the morning and evening peak hours.  Pricing 

specifically refers to strategies that vary toll rates by time of day or traffic volume level to 

 Hickory Grove Road I-75
ML Interchange (SB 

entrance, NB exit)
Dedicated Merge onto ML from I-75

Big Shanty Road I-75 ML Interchange Dedicated
Merge onto ML from Big 

Shanty Road

Roswell Road I-75 ML Interchange Dedicated
Merge onto I-75 SB from 

Roswell Road

Terrell Mill Road I-75 ML Interchange Dedicated
Merge onto I-75 SB from 

Terrell Mill Road

I-57/I-75 split I-575/I-75
System to System 

Interchange
Dedicated

One express lane 

continues NB in median 

on I-75 and I-575 from 

this point

South of Sixes Road I-575

slip ramps for both 

NB entrance and SB 

exit

slip ramps
Merge onto I-575 via slip 

ramp

south of Alabama Road I-575

slip ramps for both 

NB entrance and SB 

exit

slip ramps
Merge onto I-575 via slip 

ramp

North of Akers Mill Road at I-

75/I-285
I-75/I-285

System to System 

Interchange, NB 

entrance, SB exit

Dedicated
Merge onto ML for 

interstate

South of Chastain Road I-575

slip ramps for both 

SB entrance and NB 

exit

slip ramps
Merge onto ML via slip 

ramp



6 

 

manage congestion or use of that facility (1).  Pricing may be used to influence travel 

behavior, reduce congestion, or maximize vehicle throughput.  Conceptually, pricing is 

designed to ensure that travel demand for the managed lane facility remains below the 

effective lane capacity to minimize traffic flow breakdowns.  The effective lane capacity 

of the managed lane is approximately 1200 veh/hr/lane, which is approximately half the 

lane capacity of each general-purpose lane. There is normally an expectation of improved 

travel reliability for drivers utilizing a managed lane, where travel times are consistent 

when measured from day to day or across different times of the day, particularly during 

the peak hour rush periods.  Motorists may expect improved travel time reliability, 

meaning that they expect to arrive at their destination on time at least 95% of the time 

when using the managed lane.  In a political environment where the gas tax has remained 

relatively constant over the last 25 years and many agencies are strapped for funding; 

tolling may provide a mechanism to pay for new infrastructure projects.  As tolling 

revenues have decreased during the height of the COVID pandemic, government 

agencies may look for alternative means to raise funds for infrastructure projects in the 

region.  The maximum tolls charged are stipulated by the State DOT, Governorôs office, 

and Tolling Authority in the state of Georgia.  Tolls are typically set based on projections 

for user demand and the anticipated costs of operations and maintenance costs.  Revenue 

generated from tolls is used to fund maintenance projects and contribute to capital 

projects.  Tolls are typically reset based on traffic speed, flow, anticipated demand, and 

density conditions in both the general purpose and express lanes.   
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 Willingness to Pay 

In making the decision to use a managed lane, drivers are typically concerned with 

the following value propositions, namely, access, reliability, and improved performance.  

Access refers to the limitation or metering of ingress into the toll lane to regulate traffic 

demand both in the tolled lane and general-purpose lane.  There are designated exit and 

entry points into the Northwest Corridor as referenced in Table 1. The Express Lane 

dedicated access points at Hickory Grove Road, Big Shanty Road, Roswell Road, Terrell 

Mill Road, the I-75/I-285 interchange, and just north of Akers Mill Road are defined as 

managed lane interchanges and are only accessible by motorists choosing to use the 

Express Lane.  There is normally an expectation of improved travel reliability for drivers 

utilizing the managed lane, where travel times are consistent when measured from day to 

day or across different times of the day, particularly during the peak hour rush periods.  

Drivers may expect improved travel time reliability, meaning that they expect to arrive at 

their destination on time at least 95% of the time when using the managed lane.  Implicit 

in their decision to use a managed lane, drivers may expect the managed lane to perform 

better than the general-purpose lane by providing travel time savings and a guaranteed 

speed in exchange for paying a toll.  Furthermore, there are several trip and 

socioeconomic characteristics which may impact the willingness to pay for a tolled lane 

such as the importance of the trip, the toll being charged, expected travel time savings, 

income, travel frequency, value of time, and vehicle ownership.   
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 Research Motivation 

The preponderance of the research evaluates the effectiveness of managed lane 

implementations primarily by computing the travel time savings between adjacent 

general purpose and express lanes under an assumed value of time.  There is little 

simulation work which examines how the implementation of a managed lane may affect 

the routing decisions of travelers from their trip origin to trip destination when the 

managed lane restricts access to general purpose lane exits. There is some work where 

activity-based models have been applied to analyze routing changes attributed to the 

implementation of a new managed lane.  The proposed work is the first full simulation 

model that examines simulated route choice decisions after the implementation of a new 

managed lane network that changes the locations of dedicated access points for Express 

Lane motorists.  Some dedicated access points provide greater accessibility to Express 

Lane motorists compared to a network without an Express Lane.  For example, the new 

managed lane network is substantially different from the I-85 HOT lanes, where all 

dedicated access points remain the same before and after system modification.  The focus 

of this research is to use VISSIM® simulation modeling to assess the potential changes 

that arise in route choice from using dedicated access points (ingress/egress) after the 

implementation of the Northwest Corridor managed lane.  The simulation predicts that 

motorists benefit from the location of the new dedicated access points, given the 

proximity of these locations to their respective trip origins and destinations.  The 

simulation may show that when a dedicated access/exit point is located near the driverôs 

trip origin and their destination is close to a dedicated exit point, some travel time savings 

should be accrued.  A tolling model based solely upon travel time does not provide an 
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indication of the fraction of trips using the managed lane facility since the entry and exit 

points to/from the managed lane are not collocated with general purpose lane entry and 

exit points.  Even with a toll of zero dollars per mile, there may be motorists that do not 

utilize the managed lane because they may live closer to general purpose lane entry and 

exit points, where choosing a managed lane may not be viewed as convenient.  The use of 

dedicated access points may impact the total arterial route travel time experienced by the 

traveler when compared to utilizing exits from the general-purpose lanes given the 

location of the managed lane exits.   

The simulation may show that the new dedicated access points have changed the level 

of congestion along arterial routes.  However, this change would depend primarily upon 

how many vehicles within the simulation utilize the Express Lane and the locations at 

which they enter simulation model.  The decision to utilize the managed lane may be 

significantly impacted by the proximity of their origins and destinations to general 

purpose and managed lane exits, which ultimately, correspond to different total 

impedance (travel costs).  Drivers generally seek to reduce their travel costs,  so there 

may be a greater probability of using the managed lane if those entry points are in close 

proximity to their home (origin), while it is plausible that drivers using the general 

purpose lane exits for their trip may simply do so due to the proximity of those exits to 

their origin (home) at the beginning of their journey.  The existing tolling models are 

primarily based upon travel time savings accrued on a managed lane which implies some 

assumed value of time.  In the case of the Northwest Corridor, travel time savings 

accrued on the managed lane cannot truly indicate the number of trips that may use the 

managed lane because the location of the managed lane entry and exit points differ from 
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that of the general-purpose lanes.  Motorists may accrue positive or negative travel time 

savings during their trip prior to entering or after exiting the managed lane.  For instance, 

a motorist could achieve some travel time savings over the entirety of their trip and use 

the managed lane even if travel time savings on the managed lane facility are negative.  

Whether the arterial travel time increases or decreases ultimately depends on several 

factors including the destination of traveler, the location of general purpose and managed 

lane exits in proximity to trip origins and destinations, and the level of congestion along 

arterial routes.   

VISSIM® was used to model traffic flow from both Interstate and arterial routes to the 

managed lane to examine whether new dedicated access points may change modelled 

route choice.  Origin-Destination volume data were taken from the Activity Based Model 

(ABM) provided by the Atlanta Regional Commission (ARC).  Traffic flow data were 

aggregated into five-minute time slices to capture a reasonable representation of origin-

destination trips throughout the network.  The volumes utilized within the Atlanta 

Regional Commission Activity Based Model are provided by the Georgia Department of 

Transportation (GDOT).  The following questions are explained in this dissertation:  

¶ Whether simulation predicts changes to route choice from trip origin to trip 

destination after the implementation of the Northwest Corridor managed lane, 

which provides different dedicated access and entry points that were not available 

prior to the addition of the Express Lane. 

 

¶ Using VISSIM® Model output to update lane choice models to address managed 

lane implementations which add different dedicated access and entry points. 
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 Research Approach 

Toll rates of $0, $.20, $.50, and $1.00 per mile are placed on managed lane links 

within the VISSIM® simulation for the following time periods, namely, 5 A.M.-8 A.M. 

and 8 A.M.- 11 A.M.  Ten separate model runs have been performed, two of which 

represent the baseline conditions without the managed lane for each respective time 

period and eight model runs representing the toll rates charged per mile after the 

implementation of the managed lane.  Conducting a sensitivity analysis on toll rates per 

mile may reveal induced changes in total travel time and modelled route choice after the 

implementation of the Northwest Corridor managed lane, revealing the travel option that 

minimizes impedance.  

While an exhaustive treatment describing the simulation model is provided in 

Chapters 5 and 6, some discussion of the creation of the simulation network is provided 

to provide the reader with a basic understanding of the research approach.  The first step 

was to collect trip data from the ARC ABM activity-based travel demand model for 

incorporation into VISSIM®.  Secondly, internal and external boundary conditions (where 

vehicles enter and exit the model) were built within an ArcGIS geographic platform using 

ABM traffic analysis zones and node data.  Thirdly, these boundary conditions were 

replicated within VISSIM®, where the roadway and managed lane networks were built.  

Fourthly, some transformation of the trip data was needed to convert thirty-minute data 

into five-minute data using cubic splicing.  Fifthly, once the five-minute trip data was 

obtained, Python script was used to associate trip data with specific origin and destination 

zones created within VISSIM®.  Sixth, the trip data was organized into seventy-two 

origin-destination matrices within VISSIM®, representing each five-minute period 
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between 5 A.M. ï 11 A.M.  After the VISSIM® model was fully built with links, nodes, 

parking lots, and zones, the cost penalties (toll rates per mile) were embedded within the 

managed lane links for each of the simulation runs.  Next, convergence runs were 

performed within VISSIM® for all model runs to reduce travel time variability.  Finally, 

full runs of all ten simulations were performed and vehicle record data from VISSIM® 

were obtained.  Detailed descriptions of these components within the research approach 

are explained in Chapters 4 and 5. 

The research seeks to examine changes in route choice associated with the 

application of various cost penalties (toll rates per mile) after the implementation of the 

Northwest Corridor managed lane.  Of particular interest are the factors which impact 

changes in total travel time after the implementation of the Express Lanes.  Average 

speeds, travel times, and travel distance along arterials, Interstates, and the managed lane 

for each studied route were computed along with the percentage of travel time and travel 

distance spent on each facility.   

 Chapter Structure 

The effectiveness of a managed lane implementation is typically measured by 

examining the travel times between adjacent general purpose and managed lanes.  

Previous research examining the effectiveness of managed lane implementations is 

presented with particular focus on tolling algorithms, route choice models, and whether 

the presence of real time traveler information may impact routing decisions and the 

willingness to pay a toll.   Chapter 2 provides a synopsis of the tolling and routing 

literature.  Sections 2.1 describes tolling model approaches with a particular focus on 
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tolling algorithms used to optimize the performance of high occupancy toll lanes, while 

Section 2.2 provides a synopsis of the tolling literature.  Section 2.3 details the routing 

choice models that have been used to estimate how toll rates, heterogeneous demand, 

travel time reliability, and other factors may impact traveler behavior.  Section 2.4 

provides a summary of how VISSIM® simulation tools have been used to analyze the 

effectiveness of managed lanes within routing models, while Section 2.5 outlines some 

limitations of tolling and routing models in attempting to encapsulate driver behavior.  

Chapter 2 concludes with a summary of the findings from the literature. 

  Organization of the Study 

This work proposes a novel approach to examine whether routing decisions are 

impacted by location differences (restricted access to general purpose lanes) and potential 

changes to total travel time when dedicated access points are used to enter and exit the 

Express Lane.  An assumption is made that motorists seek to minimize their travel cost 

for their trips, that is, the lowest impedance path (costs), which includes travel time, 

travel distance, and tolls charged.  Actual traveler behavior and driver choice are not 

directly modelled in this research but predicted through a simulation.  This work employs 

a VISSIM® simulation, which utilizes simulated trip data provided by the ARC ABM 

2020 model, to analyze route choice after the implementation of the Northwest Corridor 

managed lane.  VISSIM® can be updated to reflect observed changes in routing behavior 

if we have additional data and can identify the relevant causal factors in future research.  

The willingness to pay a toll may be demonstrated through the routing decisions selected 

within the simulation, which may be impacted by several variables.  If the simulation 

repeatedly selects routes which exclude the managed lane during the A.M. peak hours, 
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this selection may reflect a low willingness to pay a toll, especially for shorter trip home 

to work trips.  However, if there is a significant benefit from use of the managed lane 

during the A.M. peak hour periods, particularly for longer home-to-work trips, then there 

may be greater willingness to pay a toll for a certain level of estimated travel time 

savings.  VISSIM® traffic simulations were used to model traffic flow before and after 

the implementation of the managed lane using five-minute speed and volume data 

generated from the Activity Based Travel Demand model.  The objectives of this research 

are the following:   

¶ To analyze how location differences and potential travel time differences resulting 

from new dedicated access points may impact modelled route choice from trip 

origin to trip destination after the implementation of the Northwest Corridor 

managed lane. 

¶ To utilize the data output from the VISSIM® traffic simulation to examine how 

restricted access to general purpose lane exits can be incorporated into future lane 

choice tolling models.  

The results from the simulation may reveal whether there were significant changes in 

modelled route choice after the implementation of the Northwest Corridor managed lane.  

As mentioned previously, toll rates of $0, $.20, $.50, and $1.00 per mile are placed on 

managed lane links within the VISSIM® simulation for the following time periods, 

namely, 5 A.M. - 8 A.M. and 8 A.M. - 11 A.M. 

 Chapter 2 presents the findings of previous studies on model implementation.  

Several tolling models are presented which focus on the determination of optimum flow 
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ratios, choice processes of users, and their willingness to pay a toll for some benefit.  The 

existing tolling literature focuses on using feedback control theory, simulation, and robust 

optimization in real time, self-learning, and the application of static density tables to 

inform the toll setting process.  There has been minimal research done on the simulation 

of managed lane systems to analyze the effects of location differences (new dedicated 

access points to and from the managed lane).  A plethora of tolling algorithms have been 

developed which seek to reveal an optimal toll pricing under heterogeneous traffic 

conditions which focus almost exclusively on travel time savings.  Additional research 

attempts to disentangle the question of the time varying effects that may occur between 

the toll rate, volumes on both the GP and express lanes and their effect on modelled route 

choice.  There is significant research with route choice models which attempt to model 

user behavior under heterogeneous demand, travel times, and toll rates.  The review of 

the literature indicated gaps in quantifying the potential impacts of total travel time from 

trip origin to trip destination on the modelled route choice of drivers and their decision to 

use the managed lane.  Total travel time refers to the summation of arterial travel time 

and Interstate travel time from trip origin to trip destination.  Most current work 

concentrates on the travel time difference between parallel general purpose and managed 

lanes as a primary indicator of willingness to pay a toll but does not consider how routing 

decisions may be affected by location differences and changes to the total travel time 

after the introduction of dedicated access points.   

 Chapter 3 focuses on studies which utilize VISSIM simulations with the goal of 

minimizing impedance to inform the development of a research plan for this work. The 

chapter provides a brief synopsis of the VISSIM literature and concludes with a summary 
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of findings. Chapter 4 provides the theoretical foundations used to develop the 

methodology.  The study objectives and hypotheses are then presented.  The underlying 

assumptions of the methodology are described along with an overview of the study 

methodology.  The objective of this research is to develop a sensitivity analysis on toll 

rates charged per mile within a traffic simulation which captures potential changes in 

modelled route choice after the implementation of the Northwest Corridor managed lane.  

The impact of reduced access to Interstate exits for managed lane users and the 

deployment of dedicated access points along the managed lane corridor may impact 

routing decisions and the willingness to pay a toll. 

 Chapter 5 provides a synopsis of the decision-making process used to develop the 

boundary conditions used for both the Pre and Post VISSIM® microsimulation model.  

Internal and external boundary conditions refer to the locations where traffic enters and 

exits the microsimulation model.  Boundary conditions were chosen to incorporate 

potential changes in modelled route choice which could be introduced by the addition of 

the Northwest Corridor managed lane, which imposes access restrictions to general 

purpose lane exits using dedicated left turn exits for traffic exiting the managed lane.  

This chapter includes descriptions of the steps used to build the node and link network 

within an ArcGIS® environment and the process used to match the nodes provided within 

the Activity Based network with the network built in VISSIM®.  The input data generated 

by the Activity Based Travel Demand Model was used to develop Origin-Destination 

matrices utilized within the VISSIM® microsimulations.   

Chapter 6 details the development of the Post VISSIM® microsimulation model 

which models origin-destination trips entering and exiting the network during the AM 
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peak hours after the implementation of the Northwest Corridor managed lane.  Details 

about the model setup of nodes, links, parking lots, o-d matrices, and other model 

elements are discussed.  Variations to charged toll rates per mile were applied at the link 

level within VISSIM® to analyze potential changes in predicted, modelled route choice.  

The Wiedemann car following models were used to model acceleration and deceleration 

behavior of urban and freeway traffic.  Standstill distance, time headway, following 

variation, thresholds for following and entering, speed oscillation, oscillation 

acceleration, and standstill acceleration were primary factors used to predict car 

following behavior.  Specifically, Chapter 6 discusses why travel times, travel time 

savings, and toll rates imposed on individual vehicles within the proposed study periods 

(5 A.M. ï 8 A.M., 8 A.M. ï 11 A.M.) are paramount to resolving the research question.   

 Chapter 7 sets the stage for the VISSIM® microsimulation results by describing 

the relationships that are needed to analyze whether the simulation model predicts 

induced changes in modelled route choice after its implementation.  The research 

assesses the modelled results that arise from the cause-effect relationships embedded in 

VISSIM®, namely, the lowest impedance path, which includes travel time, travel 

distance, and tolls charged.  The simulation results show that travel time savings occurred 

more consistently along routes containing only arterial and managed lane travel.  Travel 

times savings were most significant in cases where there is extreme congestion along 

arterial routes, and the managed lane entry access point is less than two miles away from 

the trip origin.  Additionally, the research shows that the waiting time at intersections 

(generally most of the signal cycle length) for vehicles immediately exiting the managed 

lane at Roswell Road has a significant impact on travel time savings. A major takeaway 
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from the research is that the location of dedicated access points resulted in different 

modelled activity, that is, induced changes in route choice.  Certain dedicated access and 

exit points were found to have a greater impact on simulated route choice (Roswell Road) 

than others.  

 Chapter 8 presents the results as a series of small case studies and elaborates on 

some of the limitations inherent within the Travel Demand Model and VISSIM® 

microsimulation model.  Case studies are used to describe the respective path 

progressions of vehicles, impacts of arterial travel time, and the impacts of heterogeneous 

tolls.  Through examining the impact of cost penalties applied for managed lane trips, an 

estimate of the potential impact of the Northwest Corridor managed lane on and modelled 

route choice can be provided for home to work trips from 5 A.M. ï 11 A.M.  A key result 

presented is whether the presence of direct access points, which represent both a change 

in geometry and a change in access policy, impacts travel time to and from travel 

destinations compared to the previous configuration and óexistingô access locations 

before the addition of the Express Lane.  

 Chapter 9 presents the contributions of the study, a summary of research findings, 

and provides some recommendations for further research. 

  



19 

 

CHAPTER 2. LITERATURE REVIEW  

This research proposes a novel approach to model how restricted access to the 

general-purpose lane exits for managed lane motorists and the introduction of new 

dedicated access points to and from the Express Lane may impact modelled route choice 

from trip origin to trip destination after the implementation of the Northwest Corridor 

managed lane.  The purpose of Chapter 2 is to examine how travel behavior is impacted 

after managed lane deployments within the literature.  While a plethora of key 

performance indicators can be considered: maximizing person and vehicle throughput, 

improving travel time reliability, travel time savings under an assumed value of time, and 

buffer and travel time indices are most prevalent in literature.  Implicit within the 

inclusion of managed lanes is the need to facilitate excess demand for the network by 

providing an option for drivers to utilize a managed lane for some level of travel time 

savings under an assumed value of time.  Person occupancy along general purpose lanes 

would theoretically decrease, while some of the excess demand would be captured 

through traffic diversion into the managed lane.  Travel time reliability refers to the idea 

that travel times to and from specific origins and destinations when measured from day to 

day (Tuesdays vs. Tuesdays, etc.) or across different time periods throughout the day, 

particularly during the peak hour travel hours are consistent.  In short, a buffer time index 

indicates extra time that should be budgeted by drivers to reach their destination on time 

at least 95% of the time.  If a driver averages thirty minutes to make their trip and the 

buffer index is thirty percent, an additional nine minutes should be budgeted to ensure 

that their trip is completed 95% of the time.  Likewise, the concept of the planning time 
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index relates to the total travel time drivers should employ to complete their trip 95% of 

the time.  For example, if the free flow travel time to complete a particular trip is twenty 

minutes with a planning time index of 1.50, the traveler should budget thirty minutes to 

complete their trip 95% of the time.  Ultimately, these performance metrics are used to 

indicate recurring congestion along routes.  Drivers value their time and are willing to 

pay for travel time savings.  However, the literature indicates that the tradeoffs are more 

complicated than a linear function equating the value of time to the toll charged for some 

level of travel time savings.  There are cases when a toll is paid even if travel time 

savings may be negative or when motorists assume that quick toll increases over short 

periods of time indicate that traffic óaheadô is terrible, thus leading to a diversion decision 

when the intent is an attempt to minimize diversion into the managed lane.  The literature 

indicates that the tradeoffs appear to be more complicated than an assumption that the 

assertion that ñtime is moneyò.  Chapter 2 summarizes the previous research concerning 

the behavioral patterns of drivers and sets the stage for the simulation modeling work 

presented within the dissertation.  A summary and synthesis of the literature is also 

provided to help identify the gaps in the literature and better explain the research 

objective. 

 Tolling Model Approaches 

Setting toll values under real time conditions, particularly during congested or 

hyper congested periods can be difficult.  The existing tolling literature focuses on using 

feedback control theory, simulation, and robust optimization in real time, self-learning, 

and the application of static density tables to inform the toll setting process within a 

managed lane environment. 
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2.1.1 Self-Adaptive Tolling Algorithm-Toll Estimation through Feedback Control 

Wang and Zhang proposed a self-adaptive tolling algorithm to dynamically 

optimize HOT lane operations based on feedback control theory for a tolling facility 

along SR 167 in Washington (3).  The operational goal was to enable the tolling 

algorithm to adaptively accommodate traffic variations in a fast and stable way.  HOT 

lane operation optimization was characterized by two operational criteria, namely, 

preserving high-quality travel conditions on HOT lanes and maximizing the total 

throughputs.  They argued that through existing toll adjustment, traffic allocation can be 

regulated to fully utilize the extra capacity of an HOT lane without degrading its 

operational conditions.  Feedback control logic was used to calculate the ideal traffic flow 

ratio for optimal HOT lane utilization (3).  The optimal toll rate was then estimated 

backwards using the Logit model once the traffic flow ratios were known.  The toll rate 

was calculated as a function of travel times in both the general purpose and express lanes, 

value of time, and the flow ratio of vehicles using the HOT lane compared to the total 

flow for the network (Wang and Zhang, 2009).  Their toll rate model is shown below in 

Equation (1). 
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Where TRHOT represents the toll rate/vehicle ($), TTHOT and TTGP represent the travel 

times in the HOT and GP lanes (minutes), Ŭ is the Value of Time ($/minutes) and PHOT 

denotes the flow ratio in the HOT lane expressed as % of vehicles utilizing the managed 
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lane as a percentage of total flow (3).  To fully investigate the robustness and 

applicability of the proposed tolling algorithm, they conducted simulation tests in 

VISSIM® under heterogeneous traffic demands.  The authors note that VISSIM® models 

traffic flow as a discrete and stochastic process, where the driver and vehicle are treated 

as separate entities, thus preserving individual heterogeneity.  VISSIM® logic utilizes the 

Weidemann 99 model which involves ten measured parameters.  In their study, Wang 

and Zhang (3) adjusted standstill distance, headway time, and minimum lane changing 

headway in accordance with the field data.   

 The calibration procedure for the model was based on base year traffic planning 

survey data, Single Occupancy Vehicle (SOV), High Occupancy Vehicle (HOV), and 

truck Origin-Destination matrices which are input into the VISSIM® simulation.  Virtual 

loop sensors were placed into the simulation model according to the real positions on 

ramps and arterial roadways.  Traffic counts and speeds were collected and compared to 

the reference data.  If trip counts and speeds varied by more than 10%, the trip attraction 

and production in the OD matrices were rebalanced so the differences could be reduced.   

The steps of the calibration process were iterated until the volume difference was less 

than 10% (3).  The steps of the calibration process are shown in Figure 3 below.  
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Figure 3: Flow Chart of Calibration Procedure (3) 

The authors found that the large number of weaving movements under HOV 

operations degraded the conditions in the general-purpose lanes.  However, after the 

implementation of the high occupancy toll (HOT) lane, the General-Purpose Lane 
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conditions improved as SOVs were reallocated to the HOT lane.  The authors stated some 

limitations of their study, namely that lane occupancy and flow rate should be 

incorporated into the proposed feedback algorithm to improve robustness. They also 

noted the importance of more research on the logit model calibration, which should 

incorporate better validation of value of time to travel time conversion ratio (3). Martin 

(4) noted some strengths and weaknesses of the tolling algorithm proposed by Wang (3).  

Since the algorithm is feedback based, it can adjust the toll rate quickly when dramatic 

changes occur in the traffic conditions and adjusts the toll rates gently when HOT lane 

performance is critical.  The critical category refers to conditions in which the speeds in 

the HOT lane range from 45 mph to 50 mph (4).  However, if speeds remain high in the 

HOT lane, the algorithm continues to increase the proportion of vehicles allowed in the 

HOT lane to greater than 1.0.  The authors noted that this causes the natural log function 

within the tolling equation to fail.  Furthermore, the algorithm occasionally outputs large 

negative or positive toll rates when HOT lane performance stays outside the critical 

category (4).  Therefore, to accurately validate the algorithm, simulations and real time 

estimations needed to be performed according to the authors.   Zhang, Ma, and Wang 

note that only taking time savings into account do not adequately reflect the processes of 

HOT lane traffic assignment (5).  They noted the time saving between the HOT lane 

travel time of two minutes and the GP lane travel time of three minutes is not the same as 

that between the 10 minute HOT lane travel time and the 11 minute GP lane travel time, 

fewer motorists choose to pay the same toll for HOT lane utilization for the condition as 

it represents only a 10% impact on travel time savings (5).  The authors recommend that 
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both relative and absolute differences in travel time should be incorporated and reflected 

in modeling HOT lane traffic assignment.  

2.1.2 Toll Setting Algorithms ï Adding Travel Demand Variability 

Gardner et al. examined various tolling schemes for high occupancy tolling 

(HOT) facilities and evaluated each pricing scheme when there is variability in travel 

demand (6).  The authors believe that the successful implementation of HOT lane 

facilities depends on the ability of both fixed and time varying tolls to accommodate the 

stochasticity of travel demand (6).  Four toll setting methods were identified in their 

study, namely, fixed tolls across time, prescheduled full utilization tolls based on average 

demand (FU-M), real time density modified full utilization tolls which are set without 

factoring in current demand but incorporating HOT lane density (FU-DM), and full 

utilization tolls where demand is known to the operator prior to the setting of the tolls 

(FU-PI).  Six performance metrics were identified to evaluate the HOT lane facility, 

namely Average Passenger Travel time (APTT) and its standard deviation S(APTT), 

Average Vehicle Travel Time (AVTT) and its standard deviation S(AVTT) and Expected 

Revenue E(R) and its standard deviation S(R) (6).  

The results of their study indicated that a fixed toll can generally achieve about 

two-thirds of the potential benefit in terms of expected APTT, at all levels of uncertainty, 

saving approximately four minutes relative to the HOV case, compared to six minutes 

saved by the FU-PI tolls, a finding that was relatively stable across different levels of 

uncertainty. Under deterministic demand, pre-scheduled FU-M tolls are identical to the 

ideal FU-PI tolls, and as the uncertainty increases, they gradually transition to the level of 
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performance of the fixed tolls (6).  The medium point where the pre-scheduled FU-M 

tolls are in the middle between the fixed toll and the ideal FU-PI tolls, appear to be in this 

case when the CV is around 40% (6).  This result suggests that with lower levels of 

variability the performance of pre-scheduled tolls may provide most of the potential 

benefit of the HOT system, which helps quantify the additional value of variable-tolling 

schemes relative to fixed tolls.  Interestingly, at very high levels of uncertainty, setting 

tolls based on the mean demand alone (FU-M) may lead to worse system performance 

than using a fixed toll. 

The GP travel time under all tolling schemes was almost indistinguishable, with a 

maximum difference of 1.7 minutes.  However, the HOT travel time is substantially 

higher under FU-M tolls compared with FU-DM tolls, with a maximum difference of 3.5 

minutes. Additionally, both FU-M and FU-DM tolls result in relatively unstable HOT 

travel times, although they behave similarly.  For the FU-PI tolls the HOT lane travel 

time is stable and minimized at six minutes, as would be expected. HOT travel time 

under the FU-DM tolls can be up to eight minutes but is able to achieve a travel time of 

six minutes at various points in time.  The HOT FU-M toll are often two to three minutes 

higher than under FU-DM tolls and increase to 10.5 minutes at one point (6).  

Interestingly, the authors concluded that a fixed tolling system achieved approximately 

two-thirds of the benefit of an ideal HOT lane system.  The authors noted an important 

limitation, namely. that only a simple facility with only a single downstream bottleneck, 

deterministic demand, and a known VOT distribution which is perfectly reflected in the 

demand.  They noted that future research should relax the above-mentioned assumptions 



27 

 

to generalize the applicability of the model and to identify the relative significance of 

these factors. 

Toledo et al. developed a toll setting system that allows toll operators to define 

any objective function they wish to optimize and accounts for the effect of both toll rate 

and travel time information provided to the public (7).  The optimization process shown 

in Figure 5 is run at the beginning of each control step (t) to determine the toll rate for 

that step.  A control step is defined as the time between each update of the toll rate 

(typically, three to five minutes) (7).  The system first uses available traffic 

measurements and historical data to estimate the current travel times and densities of the 

network and to predict the overall arriving demand of arriving vehicles in the next 

intervals.  Then, an initial value for the toll rate is used within a lane choice model to 

predict the shares of drivers that choose the tolled and the free lanes.  The estimated 

network state and the predicted demands are used as initial boundary conditions for a 

traffic flow model to predict flows, speeds and travel times (7).  The authors use a cell 

transmission traffic flow model which estimates the time-dependent traffic states within 

the prediction horizon, and the effect on these states of past and future control actions and 

demand inputs (7).  The traffic flow model outputs of flow, speed, and travel times are 

used not only to help calculate the objective function, but also to evaluate violations of 

constraints set on the toll lane operations such as minimum speed, maximum flow or 

travel time (7).  

Traditional toll setting models are primarily focused on the attainment of travel 

time savings and/or revenue generation, while often neglecting the psychological and 

societal factors that influence travel behavior. Toll setting models struggle to provide 
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accurate predictions of how drivers may respond to tolls, suggested route changes, or 

varying departure times.  While there is an expectation that tolls would impact driver 

behavior, some drivers may adopt a toll avoidance mindset, even if there is a travel time 

benefit.  Some drivers may operate under habitual decision making where the same 

decisions are made even if another option is available that reduces travel time.  In some 

cases, familiarity with the route can impact decision making.  Family income, age of the 

driver, and household size may impact usage of a managed lane, as lower incomes may 

indicate lower usage of a tolled route.  Reduced congestion, environmental impacts such 

as reduced air pollution, may contribute to the decision to utilize a tolled route.  Often, 

A.M. trips are assumed to be discretionary consisting of home-to-work trips, however, 

existing toll setting models do not account adequately for any increase in non-

discretionary trips (leisure, vacation, department store) that may occur in the A.M. or 

P.M. peak periods of travel.  Toll setting models may need to integrate behavioral factors 

and driver attitudes to better predict how driver behavior is impacted by the imposition of 

a toll.  There is a demonstrated need in the literature for new toll setting models to 

incorporate behavioral factors in their formulation.     

2.1.3 Self-Learning Approach ï Adding Travel Time Reliability 

Lou, Yin and Laval proposed a self-learning approach to determine optimal 

pricing strategies for high occupancy/toll lane operations (8). The approach recursively 

learns motoristsô willingness to pay by mining the loop detector data and then specifies 

toll rates to maximize freeway throughput while ensuring a superior travel service to the 

users of the toll lanes (8).  In setting the tolls, a multi-lane hybrid traffic flow model is 

used to explicitly consider the impacts of the lane-changing behaviors before the entry 
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points of the toll lanes on throughput and travel time.  The self-learning approach 

decomposes toll determination into two consecutive steps: first to use previous revealed-

preference information to learn motoristsô willingness to pay, and then to determine the 

optimal toll rate based on the detected approaching flow rates, the calibrated willingness 

to pay and the estimated travel times (8).  A multi-lane hybrid traffic flow model 

proposed by Laval and Daganzo assumed that the lane-changing behaviors before the 

entry points to the HOT lane may create voids in traffic streams and reduce the 

throughput of the lane (9).  In Laval and Daganzoôs multi-lane hybrid model, each lane is 

modelled as a separate kinematic wave (KW) stream interrupted by lane-changing 

particles that completely block the traffic (9).  A Logit model was used to reflect 

motoristsô decisions on whether to choose the HOT lane.  Assuming homogeneous 

motorists with the same willingness to pay, the relationship between the approaching 

flow rates and the rates on HOT and regular lanes is reflected in Equation (2) below: 

 

(2) 

 

Where ɛt, and ɛr represent the approaching flow on the HOV lane and ɚt refers to flow 

rate on the HOT lane after the lane choice has been made.  Ŭ1 and Ŭ2 indicate the 

marginal effect of travel time and toll on travelerôs utility and ɔ encapsulates other factors 

of travelerôs willingness to pay.  CT and CR are the average travel times on the HOT and 

regular lanes at time interval t while ɓ represents the toll rate set by the operator (9). 
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Li  developed an agent-based toll pricing strategy that used dynamic feedback 

control and accounted for trip purpose, travel time reliability (TTR), and level of income 

to maximize toll revenue while maintaining a minimum desired level of service on 

managed lanes (10).  This study proposed an agent-based model to support dynamic 

activity travel scheduling.  Agents can adapt their behaviors and make decisions in a 

complex and dynamic environment by applying learning techniques and by accounting 

for their previous experience.  The VISSIM® simulation network of a southbound 

segment on I-95 was selected to test the existing toll strategies in the morning pre-peak 

and peak hours from 5:00 A.M. to 7:30 A.M. (10).  The authors used a logit model to 

model travelerôs individual decision-making process.  The probability of choosing the 

managed lane by driver i with trip purpose k at time interval t is shown below in (3). 

 

 

 

(3) 

 

 

Where,  

Um(i,k,t) = utility of choosing managed lanes for driver i with trip purpose k at time 

interval t. 

Ug (i,k,t) = utility of choosing GP lanes for driver i with trip purpose k at time interval t.   

æU(I,k,t) = difference between utility of choosing managed lanes and general-purpose 

lanes. 
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The author notes that the VISSIM® simulation results show that, under high traffic 

demand, a substantial difference in the probability of choosing the managed lanes is 

noticed, with the highest probability for urgent travel (10).  Urgent travel refers to non-

discretionary travel which occurs out of necessity, such as work commutes, or even trips 

that are characterized for emergency purposes, such as trips to a hospital for medical care.  

Discretionary trips are not urgent and may be characterized as non-critical trips such as 

trips to visit a theme park, vacations, or other trips that are non-essential.  The modified 

strategy used a logit model to simulate driversô route choice behavior with three income 

levels, three trip purposes, different values of time, and values of travel time reliability. 

An agent-based feedback control mechanism was used to calculate the optimal toll rate 

that would maximize revenue every three minutes while maintaining the speed on the 

managed lanes of higher than 45 mph (10).  Their study concluded that when both travel 

time savings and travel time reliability are considered in the driversô utility function, 

simulation results show that drivers have a higher probability of choosing the managed 

lanes than in the case that considers only Travel time savings; these results imply that 

travel time on managed lanes is more reliable than that on general-purpose lanes.  Li  and 

others sought to update the work of Cheng and Ishak to develop an agent-based pricing 

strategy that incorporates trip purpose, travel time reliability, and departure time with the 

purpose of maximizing toll revenue and maintaining at least a 45-mph speed in a seven-

mile segment of the I-95 Express Lane (11).  They applied a logit model to simulate 

driversô route choice behavior based on three income levels, trip purposes, and values of 

travel time reliability  (11).  Error! Reference source not found. below provides results f
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or choosing the managed lanes segregated by trip type, incorporating both travel time 

reliability and travel time savings.   

 

 

Figure 4: Collective Route Decision by different driver trip purpose group (11) 

The results showed that average speed on the managed lane is not sensitive to 

variation in VOT estimates.  The travel time savings averaged approximately three 

minutes with an average toll of approximately $3.00 from 6:15 A.M. to 7:30 A.M. (11).  

The authors argue that examining trip purpose, travel time reliability, departure time 

choice, level of income, and heterogeneity in Value of time and Value of reliability can 

lead to a more effective tolling strategy (11). 
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 Summary of the Tolling Literature  

The tolling literature identified different strategies which can inform the toll setting 

process.  Wang et al. developed a self-adaptive tolling model, using a feedback algorithm 

to optimize toll rates within a VISSIM® framework (3).  Martin provided a critique of 

Wang et al. noting that under speed conditions in the HOT lane ranging from 45 mph to 

50 mph, the self-adaptive algorithm fails to regulate the number of vehicles entering the 

HOT lane (4).  Gardner et al. evaluated various pricing schemes under fixed and existing 

tolling conditions, noting that fixed tolls are almost as effective as existing tolls (6).  

Toledo developed a cell transmission model which sought to optimize both toll rate and 

travel time for a managed lane (7), while Lou, Yin, and Laval used a self-learning 

approach to simultaneously optimize userôs willingness to pay and freeway throughput 

within a hybrid traffic flow model (8).  Li  used an agent based tolling strategy to account 

for trip purpose, travel time reliability, and income level, incorporating a logit model to 

model the traveler decision making process (10).  Their work was updated by Li and 

Cheng, who also adopted their agent based model and incorporated trip purpose, travel 

time reliability, and departure time into the tolling model (11).  There has been significant 

work done in the development of tolling models with most researchers using the logit 

model to examine the probability of drivers choosing the managed lane option.  There is 

an emerging consensus that focusing only on travel time savings would not accurately 

predict the effectiveness of HOT lane implementations.  Travel time reliability, travel 

purpose, traffic demand, and the charged toll rate may also be indicators which impact 

the effectiveness of HOT lane implementations.  
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 Overview of Routing Choice Models 

Route Choice models are typically categorized into four types: binary route logit 

model, online route choice, decision route model, and a priori models (12).   Pandey and 

Boyles note that binary logit route choice models assume that travelers stay in the 

managed lane from entry until the end of the managed lane corridor (12).  At each 

General-Purpose Lane exit, travelers compare the instantaneous utility between two 

paths, deciding to use the managed lane or the general-purpose lane to travel to their 

destination.  The optimal routing choice model seeks to minimize the total expected cost 

(impedance), assuming departure from the origin at a specific time.  Two criteria are used 

in optimal routing, namely travel time and toll, where the total cost is assumed to be a 

linear combination of toll and travel time (12).  The problem is formulated as a Markov 

decision process with a termination state.  A termination state refers to the time at which 

the vehicle has arrived at the trip destination.  The objective of solving the Markov 

decision process is to develop an optimal routing policy that minimizes total cost.  

Decision route models consider each managed lane exit as a ódecision routeô in which 

travelers decide at each decision point, choosing the link along the path that minimizes 

travel cost (12).  Priori models include the offline route policy model and the random 

model.  The offline route policy model assumes that a traveler chooses their route prior to 

leaving their origin and does not change their path enroute, while the random model 

refers to the situation when the traveler does not utilize real time or historical information 

to inform their travel decision.  Modeling route choice behavior helps to ascertain 

travelersô understanding of route characteristics, to forecast travelersô behavior under 

heterogeneous traffic demand.  The lack of travelersô knowledge about the operation of 



35 

 

the managed lane network, the uncertainty about travelersô understanding of route 

characteristics, and the paucity of exact information about travelersô preferences are 

significant challenges in developing effective route choice models.   

Many researchers seek to utilize shortest path modeling to predict route choice, 

where drivers are assumed to take the lowest impedance path, which refers to the 

combination of travel times, tolls, and other associated costs.   VISSIM® simulations are 

used to calculate the general cost of travel, assuming travel, travel distance, and cost 

(tolls) influence route choice as expressed in Equation 7 below.  The coefficients of the 

variables are defined by users to reflect their individual behavior.  The VISSIM® platform 

allows specific weightings based upon vehicle type and driver groups can be modelled 

with different route choice behavior (24).  Travel distances are determined by the 

geometry of links, while the financial costs of an edge are the sum of all links contained 

in that edge.  The individual cost of a link is found by multiplying the travel distance on a 

link by the cost of that link.  Routes in VISSIM® are described as a sequence of edges 

which describe a path into a network.  In most cases, more than one route exists between 

specific origins and destination, such that VISSIM® models the driverôs decision 

concerning route selection.  The general cost of a route is defined as the sum of the 

general cost of all its edges (24).  The authors utilize the VISSIM® logit function to 

model discrete choice behavior, as shown below in (7). 
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(7) 

 

where Cj = general cost of route j, Uj=1/Cj=utility of the route, and P(Rj) is the 

probability of route j to be chosen, and ɛ is the sensitivity factor of the model.  The 

sensitivity factor determines the distribution reacts to differences in the utilities.  Low 

sensitivity factors minimize the impact of utility, while extremely high sensitivity factors 

would force all drivers to use the best route.  The sensitivity factor impacts how the 

distribution reacts to differences in the utilities.  Low sensitivity factors minimize the 

impact of utility, while extremely high sensitivity factors would force all drivers to use 

the best route.  The logit functions only consider the absolute difference in utilities, such 

that the difference between 10 to 15 minutes of travel time are viewed as having the same 

impact as the difference between 105 and 110 minutes of travel time (24).  To overcome 

this discrepancy with the logit functions, Kirchoff distribution functions calculate the 

probability that a specific route will be chosen as a function of the utility of the route and 

the sensitivity of the model, so that a route for trip ranging from ten to fifteen minutes 

would not have the same probability of being chosen as a trip that lasts between 105-110 

minutes.       
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2.3.1 Comparisons of Route Choice Models ï Presence of Real Time Information 

Pandey and Boyles note that some travelers make the same lane choice decision 

regardless of the toll and travel time information provided to them in real time, while 

others were found to choose lanes inconsistent with their approximate value of time (12).  

Their study evaluated the performance of route choice models on a stochastic time 

varying managed lane network with multiple entrances and exits.  It formulated the 

online routing problem as a Markov Decision Process and used a backward recursion 

algorithm to determine the optimal routing policy.  A double entrance- single-exit 

(DESE) network, the LBJ TExpress network consisting of three entrances and two exits 

(LBJ), and a network with 13 entrances and 14 exits (13En14Ex) were tested. The DESE 

and 13En14Ex networks were constructed artificially, where the length of each entrance 

and exit ramp is set as 0.15 km (12).  The performance of other algorithms in the 

literature was evaluated against the online algorithm for different assumptions of driver 

behavior.  Simulation results on three test networks showed that the Decision Route 

model performs the best and generates an average percentage error of 0.93% of the 

expected cost.  For the tests using the Offline model, the peak Value of online 

information was found to be 38 seconds and 85 seconds for the LBJ and 13En14Ex 

network, respectively, which shows that providing real-time information can reduce 

travelersô expected costs by an amount which varies with network size (12).  The Logit 

model showed an average 50% error in the expected cost under the assumption of rational 

driver behavior; however, it obtained costs like the Online Shortest path model for certain 

parameter values under assumptions of irrational driver behavior (12).  The use of the 

Decision Route model was recommended for route choice under real-time information 
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settings as it relies only on instantaneous costs, is easy to implement, and predicts close-

to-optimal behavior.  The Logit model was recommended for modeling irrational driver 

behavior in this study.  The value er referred to the idea that a rational traveler always 

follows the optimal policy action recommended by the online shortest path model, where 

er=1, while eML refers to the increasing preference of using the managed lane.  The 

Online Shortest Path model was recommended by the authors if the aim was to 

understand lane choice variations in a population after calibrating the values of er and eML 

using field data (12).  The authors noted that these recommendations could be applied for 

route choice models used for several applications, such as improving revenue forecasts 

for managed lane planning, calibrating parameters of route choice based on real-time data 

with heterogeneous drivers, equilibrium behavior analysis for travelers on managed lane 

networks, and online route guidance using navigation applications. 

2.3.2 Logit Model ï Adding Value of Time Distribution 

Gardner et al. developed logit model to examine the choice processes of 

individual drivers that may choose to pay a toll to enter a high occupancy toll (HOT) 

facility (13).  The authors compared all or nothing assignment and an additive logit 

model to the proposed formulation based upon a Value of Time distribution.  They note 

that the all or nothing assignment model is insufficient since it assigns all vehicles to the 

route with lower cost, implying no variation in VOT across vehicles.  The basic additive 

logit model suffers from some deficiencies in that it predicts that if both the general 

purpose and express lane operate under free flow conditions, drivers choose to use both 

lanes, essentially reflecting the concept that there is no variation in user preference (13).  

They argue that the variations in lane choices are due to the distribution of VOT across 
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the population where individual drivers have different values of time due to demographic 

factors, trip purpose, and individual heterogeneity (13).  Given these assumptions, they 

believe that drivers choosing the HOT lane are exactly the proportion of drivers whose 

individual value of time exceeds the ratio of (toll charged/travel time savings).  The lane 

choice model proposed is shown below in (13) in equation (4): 

ὧ

Ў†
 ‮
ρ

ὴ
ρ
‎ρ

 

 

(4) 

 

 

Where c=toll charged, Ўʐ ÔÒÁÖÅÌ ÔÉÍÅ ÓÁÖÉÎÇÓ  ($), p=proportion of travelers 

using the HOT, ג ÒÅÐÒÅÓÅÎÔÓ Á ÍÅÄÉÁÎ ÖÁÌÕÅ ÏÆ ÔÉÍÅȟ lane, ɾ  shape parameter 

affecting the relative width of the VOT distribution.  The results of the study show that 

even if both the managed lane and general-purpose lanes are operating in free flow 

conditions, 50% of motorists still choose to pay a toll to use the managed lane.   

However, when the proportion of travelers using the HOT lane is expressed as a VOT 

distribution, the contour lines of the choice function form a fan of rays, which indicate 

that the cost and time observations of a given facility operating at a constant toll and 

given capacity ratio should correspond to the same proportion in the population (13).  

The authors note some limitations to their study, namely that they use a simple facility 

with only a single downstream bottleneck, deterministic demand, and perfect VOT 

distribution.   
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2.3.3 Conditional Logit Model ï Adding Unobserved Heterogeneity 

Lee et al. developed a route choice model which accommodated the observed and 

unobserved heterogeneity with the mixed logit framework (14).  Stated preference data 

were assembled to model driversô route choice between a tolled highway and an untolled 

national road in South Korea (14).  The values of travel time and the values of travel time 

reliability were estimated by evaluating trip purpose and the household income level.  

The results showed that the random parameter logit model shows significant random 

variations and differences in sensitivity to the level-of-service variables based on the 

purpose of the trip and the household income level.  The authors believe that ignoring 

heterogeneity can lead to a significant underestimation of the values of VOT and the 

VOR.   The VOT values from the heterogeneity model were found to be 1.00 to 1.56 

times higher than that from the homogeneity model, and the VOR values are 1.05 to 1.63 

times higher by trip purpose and income group (14).  The limitations of the study 

included difficulty in estimating the actual VOR value because the VOR value in this 

study is restrictive from the stated preference data in the binary route choice context.   

They noted the possibility of evaluating the values of VOT and VOR by the revealed 

preference data using GPS data. 

2.3.4 Time Varying Models ï Adding Traffic Volumes and Toll Rates 

Ma et al. developed a time-varying parameter vector autoregressive model (TVP-

VAR) to investigate whether there are time varying effects between general purpose lane 

volumes, HOT lane volume and existing toll rate (15).  This model is typically used to 

investigate the time varying nature of the dynamic relationships between macroeconomic 
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variables.  TVP-VAR model with drifting coefficients was used to model synchronous 

relationship among the three variables (toll rate, traffic volumes on HOT lane and GP 

lanes).  The authors claim that the proposed TVP-VAR can depict the bidirectional 

relationship between any two variables, whereas traditional behavioral studies often fail 

to understand those feedback mechanisms (15).  The authors note that the model is 

particularly suited for this problem because the HOT lane volume, GP lane volume and 

toll rate evolve over time, and any one of these variables is determined by its own lagged 

values, as well as the past and present values of the remaining two variables.  Using 

empirical data from loop detectors and toll logs on Washington State Route 167, they 

identified the existence of time-varying effects between driversô responses and toll rates, 

and quantified the evolving interactions amongst HOT demand, general purpose demand 

and tolling via time-varying impulse responses (15).  Specifically, for morning period 

traffic, the response of toll rates to the HOT lane demand were found to be positive 

reaching their peak between 6 A.M. and 7 A.M., and there is a strong lagged effect on 

tolling from the five-minute-ahead HOT lane volume (15). For afternoon period traffic, 

the HOT lane volume yields the highest positive influence on the toll. The toll rates were 

most sensitive to the HOT lane demand occurring during the previous five-minute period, 

and the sensitivity level attenuates as they are lagged apart. Toll rate and GP lane 

volumes do not have noticeable interactions with each other, but there was a time-varying 

relationship between GP lane volume and HOT lane volume. This relationship varied 

across different geographic areas.  It was found that an increased usage of GP lane leads 

to an increased usage of HOT lane.  Similar patterns were observed when modeling the 

impact of toll to HOT lane demand (15).  They conclude that an increase in HOT lane 
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demand results from a higher toll rate.  The authors speculate that the possible reason lies 

in how the drivers view toll increases or decreases where drivers likely view the posted 

toll rates as an indication of travel time savings and thus choose to use the HOT lane. 

2.3.5 Multinomial Logit Models ï Adding Attitudinal Factors 

Jin et al. investigated how behavioral attitudes may affect driversô choices in 

utilizing the I-95 managed lane facilities through revealed and stated preference surveys 

(16).  They identified four latent attitudinal factors through factor analysis, namely, 

willingness to pay, willingness to shift travel schedule, cost and time sensitivity, and 

congestion tolerance as factors which may predict the utility of managed lanes for 

drivers.  Two multinomial logit models were developed using combined revealed 

preferences and stated preference data with and without the attitudinal factors.  

Multinomial logit models typically describe each choice alternative through a utility 

function shown below in equation (5) (16):  

U1 = ɓ1X1+ɓ2X2+é.BnXn + Ů (5) 

where X represents the attributes of the alternatives or the individuals, and other 

explanatory variables. ȸ refers to the coefficients corresponding to the attributes. The 

estimated coefficient value implies relative importance of that attribute (Xi) in the model. 

Ů, the error component accounts for any measurement error, parameter correlation, 

unobserved individual preferences, and other unobserved characteristics.  The stated 

preference study compared willingness to pay, willingness to shift travel schedule, cost 

and time sensitivity, and congestion tolerance at different times of the day, namely using 
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the managed lane during peak periods, before peak periods, after peak periods, and with 

an additional passenger (16).  The results of the study showed that the high willingness to 

pay and shift in travel behavior increased the propensity of using managed lanes the 

most, whereas travelers with high sensitivity to saving money and time and high 

tolerance of congestion were less likely to utilize the Express Lane during peak hours 

(16).  Drivers that were characterized as being younger than 34 years old, having incomes 

greater than 150K per year, SunPass® users, and drivers who used the managed lane 

somewhat frequently had a greater willingness to use to managed lane.  The factor 

analysis revealed that willingness to pay, willingness to shift, utility sensitivity, and 

congestion tolerance were significant factors which indicated the likelihood of using the 

managed lane as shown below in Table 2 (16).  

Table 2: Factor Loadings on Attitudinal Statements (16) 

 

Four user groups were defined in the study, namely Shift prone, toll prone, congestion 

avoiders, and congestion adapters.  Shift prone individuals were less willing to pay tolls 

and would shift their departure time or driving route to save travel time.  Toll prone 

individuals were more likely to pay tolls for a desired level of service and tended not to 
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shift their schedules.  Congestion avoiders had a low tolerance for congestion and showed 

both a high willingness to pay a toll and shift in response to congestion (16).  Lastly, the 

congestion adapters consisted of people who were least likely to pay a toll and were 

unwilling to shift their schedules.  Table 3 below shows the results of the multinomial 

logit model which incorporates attitudinal variables.  The results of their study indicated 

that willingness to pay had the highest impact on the likelihood of using the managed 

lane for both the revealed and stated preference studies.  Their research indicated that 

drivers with high congestion tolerance were less likely to use the managed lanes.  

Individuals who valued saving both money, time, and time reliability were unlikely to use 

the managed lane.  Drivers aged younger than thirty-four years old were found to be 

likely to utilize the managed lane for both revealed and stated preference studies. 
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Table 3: Multinomial Estimation Results (16) 

 

The study concluded that shift prone travelers and congestion adapters were most 

likely to use the general-purpose lanes, while toll prone and congestion avoiders showed 

higher usage of the managed lane (16).  The authors suggest the need to more 

innovatively price the managed lane to attract more customers, arguing that the value of 

reliability may even have a greater impact than the value of time, thus indicating a need 

to ensure greater reliability in the operation of the managed lane. 

2.3.6 Unexpected Traveler Responses ï Adding Risk Aversion 

Burris and Brady investigated how individual drivers make the decision to use the 

Katy Freeway and North Tarrant Express Lanes, noting the counterintuitive result that 

travel time savings and toll rate had little effect on their choice to use the managed lane 
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(17).   The 12-mile Katy Freeway managed lane connects the city of Katy to Houston, 

while the 13-mile North Tarrant Express Lanes (NTE) directs traffic around Fort Worth 

Texas, serving as primary route to the Dallas Fort Worth International Airport.  On the 

Katy Freeway managed lanes, drivers must use transponders, but for the NTE managed 

lanes drivers have the option of using the managed lanes without a transponder, but they 

would be required to pay a 50% higher toll.  The authors note that the conventional 

approach of using Value of time (VOT) to approximate driver willingness to pay is 

insufficient since drivers tend to overestimate their travel time savings by a factor of three 

and estimates of VOT vary widely in stated preference and revealed preference studies 

(17).  They argue that both stated preference and revealed preference studies examine 

driver choices as discrete choices divorced from driverôs habits and experience.   

Their research indicated that the most frequent travelers on the Katy Freeway 

made over 30 trips per month during the three-month study period.  Approximately 56% 

of those frequent travelers did not use MLs at all, 43% used both MLs and GPLs, 

whereas less than one percent used the MLs exclusively.  The assumption can be clearly 

made that 43% of this group clearly consider MLs, but this group represents only 4.4% of 

the total number of transponders observed on the freeway (17).  Most travelers used the 

Katy Freeway one to three times per month (infrequent users) and only 7% of those 

travelers used both sets of lanes during the three-month period.  For all Katy Freeway 

travelers, only 12% were selected for both lane types at least once (17).  At NTE there 

were relatively more drivers choosing the managed lane across all frequency groups; 

however, a sizable number did not use the MLs at all during the study period.  The data 

showed that 48% of all travelers and 33% of the most frequent travelers at NTE 
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exclusively used the GPL (17).  While the results are counterintuitive, the authors 

hypothesize that drivers may not want to decide to use the managed lanes, as they are risk 

averse and do not want to make a bad decision.  The second hypothesis posited by the 

authors is that infrequent users of the managed lane may be unsure about the best time to 

use the facility to receive substantial benefit for paying a toll.  The authors considered the 

possibility that some drivers may not want to add any cognitive workload during the 

driving process (17).  Conversely, the authors speculate that most frequent users may 

have a better concept when their benefits are greatest.  The study found that 9% of drivers 

used the managed lane when there were negative travel time savings, so neither travel 

time savings nor the toll charged may have impacted their decision-making process (17). 

2.3.7 Mixed Logit Models ï Adding Heterogeneity between Drivers 

Small, Winston and Yan developed a mixed logit model to combine revealed and 

stated preference data to examine commuter route choices, namely, whether to pay for 

congestion free express lane travel (18).  They analyzed the route behavior of drivers 

along a ten-mile portion of SR 91 managed lane (two express lanes in each direction) in 

Orange County, California during a ten-month period from 1999 to 2000 (18).  Drivers 

who wished to use the system were required to set up a financial account and use a 

transponder to access the managed lane.  The results of their study showed that 

commuters are deterred from using general purpose lanes by longer travel times and 

reduced travel time reliability.  Observed heterogeneity was captured through the 

interactions between cost and income and between travel time and distance (18).  

Motorists with higher incomes were found to be least responsive to changes in the toll.  

Women, middle aged motorists, and smaller households were more likely to use the toll 
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road.  Based on revealed preference data, the authors estimated the median value of time 

as $21.46/hr and a median value of reliability as $19.56/hour (18).  The data revealed a 

median travel time savings in the express lane averages approximately 3.3 minutes during 

the 5 A.M. - 9 A.M. peak period, with unreliability of the general purpose lanes 

averaging 1.6 minutes, implying that reliability may account for approximately one-third 

of the attraction to the express lanes with average commuters paying $1.18 for the travel 

time savings and $0.52 for the improved reliability (18).  The authors concluded that 

travel time and its predictability are highly valued by motorists and there is significant 

heterogeneity in those values.  The authors noted a limitation of their study, namely that 

demand elasticity for the toll road varies by time of day.  The authors note that if the toll 

operator sets toll rates high when elasticity is small and unobservable factors are 

correlated with both the level and elasticity of demand, then the toll price could be 

overestimated or underestimated (18).         

Devarasetty and Burris conducted a survey of 869 respondents to investigate 

whether travelers would pay to use the Katy Freeway managed lanes in Houston, Texas 

(19).  Two stated preference surveys were conducted, one in 2008 prior to the opening of 

the managed lanes, and another in 2010 after the opening of the Katy Freeway managed 

lanes.  The authors indicated that most of the 869 responses came from travelers who 

completed the initial survey in 2008, as these responses were redirected from emails (19).  

The authors chose a mixed logit model to examine heterogeneity between individual 

users of the managed lane, as travelers did not need to be like one another in any way 

except for their use of the managed lane.  The purpose of their study was to examine 

observed and unobserved heterogeneity between travelers.  Mixed logit models were 
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developed for all 869 survey respondents (19).  Travel time, travel time reliability 

variables, and alternate specific coefficients were assumed to be random parameters.  The 

results of the mixed logit model are shown in Table 4.  The results indicated that in the 

predicted interest from the 2008 survey, 77.4% of respondents indicated a óYes or 

Maybeô response when asked about their interest in using the managed lane.  Travel time, 

travel time variability, and the driverôs value of time (Toll ($)/Wage rate) impacted the 

willingness to pay a toll. 

Table 4: Mixed Logit Model for 869 Survey Respondents Who likely Also 

Participated in 2008 Survey (19) 

 

After implementation of the managed lane, 66.3% of those individuals used the 

managed lane (19).  Travel time, travel time reliability, hourly wage rate, and alternative 

specific coefficients were included in the model.  The study calculated the willingness to 

pay for travel time savings by dividing the average toll paid by the assumed travel time 



50 

 

savings that individual users reported in their survey.  The authors speculated that 

travelers in the managed lane are also incorporating travel time reliability into their 

decision to use the managed lane.  The reported value of travel time savings from the 

2010 survey was $13 per hour, while the mean reported value estimated from the mixed 

logit model was $28 (19).  The authors noted that the difference in these estimates may 

be based on three factors, namely that travelers may be willing to pay more than they do; 

travelers think that they are saving more time, or travelers are willing to pay for the added 

reliability of managed lanes.   

Users actually paid an average of $51/hr of travel time saved to use the managed 

lane, while their willingness to pay for travel time savings were estimated to be 

approximately $61/hr (19).  The authors argued that this result indicates that improved 

reliability of travel should be incorporated into Benefit/Cost Analyses used in traffic and 

revenue studies. 

2.3.8 Impact of Information ï Behavioral Impacts of Known Travel Times 

Toledo and Sharif developed a mixed effects regression model to predict expected 

travel times as a function of the toll rate and traveler information provided to the driver 

(20).  The authors then developed a lane choice model to predict whether drivers would 

use the toll lane once those travel times are known (20).  A stated preference survey was 

developed to collect data on driversô lane choice preference and travel time expectations.  

Participants were provided with two choices, namely, to choose a toll lane or parallel 

lanes with guaranteed travel time of 12 minutes in the tolled lane for a 20-kilometer 

section (20).  Prior to the driver deciding to use a managed lane, toll rate information, and 
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in some cases, traffic conditions on the free lanes are provided to the driver on a 

changeable message sign.  In all cases, the toll lanes were assumed to have an expected 

travel time of 12 minutes for a 20-kilometer trip with drivers paying approximately $7.90 

US dollars for the entire trip.  For alternative a, information is provided about the toll 

rate, but no additional data is provided about travel times of the free lanes (20).  

Alternative b provides some descriptive information about the free lanes indicating 

congested conditions.  Alternative c gives a precise estimate of the travel time in free 

lanes as 40 minutes, which indicates a 28-minute travel time savings, and alternative d 

provides a range of travel times from 30-40 minutes, indicating travel time savings which 

range from 18-28 minutes (20).  All 460 study participants were told to expect a travel 

time of 12 minutes in the tolled lane (20).   The authors found that the impact of negative 

information which indicated congested or standstill conditions in the free lanes strongly 

affected travel time expectations in the tolled lane, where drivers estimated that their trip 

in the tolled lane could take between ten to twenty-four minutes.  The results of their 

mixed effects travel time models are shown below in Table 5.  Their study indicated that 

the toll rate was the primary indicator of travel time savings in the absence of specific 

information about the traffic conditions in the free lanes.  The toll rate, toll rate with no 

traffic information, and qualitative information about congested or standstill traffic were 

variables that had a significant effect on travel time expectations.  Drivers were 

particularly interested in having qualitative information about congested and standstill 

traffic and the toll rate during.  A high-income level even without knowing qualitative 

information about standstill or congested traffic was found to be a significant predictor of 

managed lane travel.   On average, when information on traffic conditions was provided, 
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an increase of 11 NIS ($2.89 US Dollars) in the toll rate added one minute to the travel 

time estimates and one minute was added to their travel time expectation for every 2.1 

NIS ($0.55 US Dollar) increase in toll (20).  The authors developed a mixed logit 

systematic utility model to estimate the predicted choice probabilities using simulation 

which utilized a maximum likelihood method with 4000 Halton draws (20).  The authors 

assumed that the toll rate and cost coefficients follow a bivariate lognormal distribution 

as the coefficients of travel time and toll rates tend to be negative concurring with work 

done by Prato (21).  The authors note that driversô expectations of travel time savings 

increase substantially with the toll rates.  They argue that existing toll rates are set to keep 

the toll lanes flowing, regardless of traffic conditions on the free lane, implying that 

driversô travel time saving expectations based primarily on toll rates may be incorrect and 

that their sensitivity to increases in the toll rate would be reduced by the belief that a 

higher toll implies larger travel time savings (20).  They note that without the presence of 

real time traveler information, drivers may use the toll road more than they should, 

leading to inefficient lane choices.  The authors identified a reliance on stated preference 

data, which may not replicate actual traffic conditions or toll rates in real time.  They 

identified a lack of generalizability due to self-selected sample that may not fully 

represent the population (20).  Other constraints include the lack of real time traveler 

information for both the free lanes and the tolled lanes and a dependence on travel times 

posted on changeable message signs, which are not updated in real time.  Some possible 

remedies to these limitations would be to conduct a study in which all respondents had 

access to real time travel time information and toll rate information in a revealed 

preference study to analyze speed, flow, and travel time data from actual behavior as 
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opposed to a web based simulation that places significant constraints, such as an 

expectation of significant travel time savings when using the tolled lanes for each studied 

alternative (20).  Burris and Ashraf examined traveler behavior both before and after a 

toll rate increased along the Katy Freeway in Houston (22).  Transponder data was used 

to collect information about the flow of vehicles through the system.  The authors 

examined the behavior of drivers over different time horizons, namely 15, 30, 90, and 

150 days after the toll increase to evaluate their travel behavior (22).  Since the toll did 

not change on weekends, drivers who utilized the toll road on weekends represented a 

control group. The treatment group consisted of weekday travelers prior to the toll 

increase and after (the toll increases on September 7, 2013 (22). Interestingly, they found 

that both the number of managed lane trips and managed lane revenue increased after the 

increase in toll rates as opposed to the working assumption that higher toll rates would 

reduce demand for the managed lane overall.  Error! Reference source not found. b

elow shows the lane choice behavior for travelers after the increase in the toll rate.  For 

all time periods except the 90-day period after the toll increase, there was an increase in 

the number of managed lane trips (22).  However, one result noted a large departure of 

frequent users of the managed lanes (10 or more trips per month) after the toll increase, 

but the authors cannot conclusively attribute this result to an increase in the toll rate.  The 

authors postulate that these results may reflect seasonality as the school year began 

around the same time as the toll increase.  They noted the possibility of the Veblen effect, 

where drivers may assume that a higher toll price equates to a higher quality trip, which 

concurs with the work of Toledo and Sharif (20). 
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Table 5: Estimation Results for the Travel Time Expectations Model (22) 

 

The primary limitation of the study cited by the authors is a greater need to focus on a 

disaggregate analysis of travel behavior of drivers choosing to use the toll lane.     

 Routing Behavior Technical Summary 

A plethora of driver choice models were presented in the literature.  Pandey and 

Boyles developed an online route choice model for a managed lane network with multiple 

exits and entrances (12).  They assumed that travelers would get real time information 

about time varying tolls and travel times just prior to arrival at each decision point as shown 

on variable message signs, where travelers would then make a routing decision that 
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minimize their travel cost.  The online route choice model was formulated as a Markov 

Decision process and solved backwards using a recursion algorithm.  They compared the 

online route model to the routing models shown in Table 6 shown below (12): 

Table 6: Taxonomy of Route Choice Models (12) 

 

The authors found that the decision route model predicts route choice as it relies 

on instantaneous costs and predicts close to optimal behavior.  They indicated that their 

model should be extended to handle queue accumulation at divergent nodes and noted 

that advanced learning reinforcement algorithms should be used to learn the route choice 

probability decisions in real time conditions (12).  Li developed an agent based tolling 

model which accounted for trip purpose, travel time reliability, and level of income to 

impact toll revenue (10).  They used a VISSIM® simulation to calculate travel time 

reliability used in the route choice process.  They concluded that under high traffic 

demand, drivers with highest trip purpose were most likely to choose the managed lane 

and that including both travel time savings and travel time reliability into their model 

yielded a higher probability that drivers would use the managed lane (10).  They argued 

that drivers incorporate not only travel time savings and trip purpose into their decision to 
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choose a managed lane but also travel time reliability (10).  Gardner et al. developed logit 

model to examine the choice processes of individual drivers that may choose to pay a toll 

to enter a high occupancy toll (HOT) facility (13).  The authors compared all or nothing 

assignment and an additive logit model with the proposed formulation based upon a 

Value of Time distribution.  They argued that the primary variation in lane choice 

preferences was due to the distribution of VOT across the population since different 

drivers have different values of time due to demographic factors, trip purposes, and 

individual heterogeneity.  Their results showed that under a fixed toll of $7.50, drivers 

saved 21.6 minutes, while under a full utilization toll (which seeks to maximize HOT 

lane capacity) in which a $6.00 toll was charged, the resulting travel time savings were 

approximately 17 minutes (13).  The authors concluded that lane choice models should 

incorporate the variation in each travelerôs value of time.  Ma et al. developed a time-

varying parameter vector autoregressive model (TVP-VAR) to investigate whether there 

are time varying effects between general purpose lane volume, HOT lane volume and 

existing toll rate (15).  They found that an increased usage of GP lane led to an increased 

usage of HOT lane and an increase in HOT lane demand resulted from higher toll rates 

(15).  The authors speculated that drivers may assume a higher toll to indicate increased 

travel time savings. Jin et al. investigated the utility of the managed lane for drivers 

through the developed multinomial logit models used stated preference and revealed 

preference data.  The authors focused on examining whether attitudinal factors such as 

willingness to pay, willingness to shift schedule, cost and time sensitivity, and congestion 

tolerance impacted the decision to choose a managed lane.  The results of their study 

indicated that high willingness to pay and shift increased the probability of choosing a 
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managed lane, while high congestion tolerance and high sensitivity to cost and time 

indicated a reduced probability of choosing the managed lane (16).  Toledo and Sharif 

developed a mixed logit model to predict the use of a tolled lane (20).  They assumed that 

the travel time and cost coefficients follow a bivariate lognormal distribution as found in 

Prato (21).  The results of their study indicated that driverôs expectations based on toll 

rates may be impacted by the view that a higher toll implies a larger travel time saving.  

They noted that drivers tended to choose the managed lane more in the absence of 

traveler information.  Their study suggests that VOT calculated based on observed travel 

times would be lower compared those calculated based on driverôs travel time 

expectations, overestimating driversô sensitivity to the toll rate in the absence of traveler 

information (21).   Burris and Brady examined data from the Katy Freeway and found 

that drivers were not making routing choices based on the toll rate or travel time savings 

(17).  They formulated a few hypotheses to consider, namely, that some drivers may not 

want to make a bad decision to use the HOT lanes, frequent users may not understand 

how to maximize their travel time savings for the toll paid, and that drivers may select a 

mix of lane choices that do not correspond to toll rates or travel time savings (17).  Work 

from Deverasetty and Burris (19) and Small and Winston (18) note the importance of 

incorporating travel time reliability as a component of any routing choice model, 

agreeing that this factor contributes to the decision to choose a managed lane.  Lin et al. 

developed a cognitive route choice model within a VISSIM® and Visual Basic platform 

which described the decision-making process of drivers during travel (24).  A stated 

preference survey for driversô route choice behavior was performed when drivers were 

provided with travel information from a changeable message sign.  The authors used 
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VISSIM® simulation to calculate the general cost of travel, assuming the travel time, 

travel distance, and cost (tolls) influence route choice.  The results of the study showed 

that incorporating the behavior cognition model leads to lower travel costs, however, the 

study cannot be replicated to different city road networks, as signal networks were not 

included within the model optimization (24).   

 Substantial work has been done to examine how the route choices of drivers may 

be affected by factors such as existing toll rates, travel time savings, trip purpose, travel 

time reliability, user heterogeneity, and attitudinal factors.  Most of the research assumes 

that decisions to use a managed lane occur at the entrance to the tolled facility.  There is 

little work considering how routing choices may be impacted for the entirety of a trip, 

from trip origin to trip destination.  This dissertation addresses some gaps in the literature 

by proposing a novel approach to examine whether driversô routing decisions from trip 

origin to trip destination are impacted by reduced access to general purpose lane exits 

after the implementation of the Northwest Corridor managed lane. 

 Tolling and Routing Model Behavioral Limitations 

Existing tolling and routing models struggle to adequately express the qualitative 

aspects of driver behavior.  While the literature indicates that people value their time and 

tend to spend money to save time, the decision-making process of choosing to use a 

managed lane is more complicated than assuming that a driverôs VOT can be used to 

indicate their perceived or actual willingness to choose a tolled route.  While the self-

adaptive tolling algorithm utilized feedback control theory to estimate the toll rate 

charged as a function of the flow ratio entering the managed lane, there was the concern 
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of how to best validate the value of time given the large number of weaving movements.  

Toll setting algorithms examined the variability in travel demand, and established various 

toll setting methods, but found that fixed tolls may be just as reliable as those that are 

dynamically responsive to demand.  The use of a simple facility with only a single 

bottleneck downstream and a known VOT distribution was not found to be an adequate 

measure of human behavior.  The self-learning models introduced travel time reliability 

as a prominent factor using revealed preference information (mining loop detector data) 

to estimate the optimal toll rate based on approaching flow rates, while the multi lane 

hybrid model sought to model lane changing behaviors as separate kinematic waves with 

an assumption that motorist have the same willingness to pay to use a managed lane.  The 

agent-based model described in the literature used dynamic feedback control, and 

accounted for trip purpose, travel time reliability, and various income levels with the goal 

of maximizing revenue within a VISSIM® modeling environment.  The results indicated 

that when travel time savings and travel time reliability were used within the driverôs 

utility function, there was a higher probability of choosing the managed lane route. 

 Routing choice models showed that some drivers made the same lane choice 

decisions even when toll and travel time information indicated another travel route would 

have a lower total travel cost.  A Markov decision process was used to develop an 

optimal routing policy; however, the results showed a fifty percent error in the expected 

cost under the assumption of rational driver behavior. Value of time distributions were 

used to compare all or nothing assignment and an additive logit model with the 

drawbacks of implying no variation in VOT across vehicles or in user preferences.  The 

conditional logit model proposed added the variable of unobserved heterogeneity with the 
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purpose of estimating the value of travel time and travel time reliability using household 

income levels but found that finding an adequate estimate of travel time reliability was 

not possible given the reliance on stated preference data.  Time varying models used 

drifting coefficients to model the evolving relationship between toll rate and traffic 

volumes on the general purpose and tolled routes using loop detector and toll data from 

SR 167.  The research results showed an increase in demand for the managed lane under 

higher toll rates.  While deemed a somewhat counterintuitive results, there is a perception 

that higher toll rates indicate increased time savings in the managed lane because the 

general-purpose lanes must be experiencing terrible congestion.  The multinomial logit 

models discussed in the literature added attitudinal factors of willingness to pay, 

willingness to shift schedule, cost and time sensitivity, and congestion tolerance as 

factors which should affect driverôs choice to utilize a managed lane.  Results showed 

that shift prone and congestion avoiders were not likely to use the managed lane while 

toll prone drivers and congestion avoiders used the managed lane more frequently.  

However, the lack of estimating real values for travel time reliability was suggested as a 

limitation of the study.  Research examining transponder data along the Katy Freeway 

found that travel time savings and changes in toll rates had practically no effect on usage 

of the managed lane.  There is disagreement in the literature about whether using VOT to 

estimate driverôs willingness to pay is a valid technique since drivers tend to overestimate 

their actual travel time savings by a factor of three, particularly in stated preference 

studies.  Results showed that some drivers chose the managed lane even when travel time 

savings were negative with some speculation that risk aversion and a desire to minimize 

additional cognitive workload may impact the decision-making process.  Mixed logit 
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models combining stated and revealed preference data were used to examine routing 

behavior along the SR 91 Managed Lane. Heterogeneity between users (women, middle 

aged motorists, and small households) was captured.  Results showed that motorists with 

higher incomes (males and females) were most likely to use the managed lane, and 

women showed greater willingness to do so.  While heterogeneity was considered, a 

limitation of the work was a mechanism to estimate the toll rate as demand elasticity for 

the managed lane changes throughout the day.  Additional work using mixed models 

examined the Katy Freeway Managed Lane in Houston. Texas, using stated preference 

surveys to measure observed and unobserved heterogeneity using travel time, travel time 

reliability, and wage rate.  Results showed a ten dollar per hour gap between a driverôs 

willingness to pay ($61/hr) and actual toll rate payments ($51/hr), indicating that travel 

time reliability should be incorporated into the decision process for using a managed lane. 

Mixed effects models were also used to predict expected travel time as a function of the 

toll rate and traveler information provided to the driver, so the key variable presented is 

known travel times.  It was found that travel time expectations increased with toll rates 

where the perception that higher tolls reflect higher travel time savings.  The presence of 

traffic information had minimal impact on driver behavior. 

 In short, the various tolling and routing models presented in the literature are 

challenged to adequately address why drivers make decisions that seem irrational, such as 

using a managed lane when there are negative travel time savings.  Several researchers 

have posited the idea that drivers perceive greater travel time savings when toll rates 

increase as opposed to the possibility that toll rate increases may seek to inhibit greater 

diversion into a managed lane to preserve its level of service.  Revealed and stated 
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preference studies have shown disparities when individuals state a toll that they are 

willing to pay but choose to pay a toll fifty percent or lower when their actual behavior is 

revealed.  A linear relationship between value of time and wage rate has been used within 

much of the literature but does not explain the choices of drivers.  Individual drivers have 

their own perceptions and feelings about their choices.  Some may choose to repeatedly 

make the same choices despite expected travel time savings on a managed lane, while 

others may value the travel time savings and travel time reliability that is expected after 

the deployment of a managed lane.  Gender, race, income levels, the presence of real time 

information, convenience, and the level of risk aversion may impact the decision-making 

process.  The proposed work seeks to reveal the route choices of drivers within a 

simulation environment using VISSIM® modeling after the implementation of the 

Northwest Corridor managed lane network under various tolling regimes.  The goal of 

this work is to provide some understanding about how heterogeneous toll rates and 

different entry and exit access points to and from the managed lane impact route choice, 

and therefore, driver behavior. 

 Summary of Findings 

The research revealed a lack of generalizability, where the samples may not adequately 

reflect the population.  Most of the studies suffer from a lack of real time traveler 

information about the traffic conditions and toll rate increases, which may induce 

travelers to divert into a managed lane when the intent is to discourage use of a managed 

lane as it becomes more congested.  Practically, large studies involving thousands of 

drivers would cost millions of dollars to design and implement, even if routing decisions 

were decided within a simulated environment.  The authors utilized various mathematical 
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models and incorporated different variables to predict the behavior of drivers after the 

implementation of a managed. lane.  However, it has been challenging to understand the 

actual routing decisions of drivers under heterogeneous tolling regimes, as some literature 

infers that drivers will not change their routing behavior even as tolls increase, while 

other studies assert either significant or marginal impact with changes to toll rates.  The 

stated impacts may be a function of the assumed values of time assumed within the 

various studies.  There were several factors identified in the literature used to set tolls and 

predict routing decisions. The first three sections (2.1.1-2.1.3) list variables added with 

the purpose of toll estimation while following sections (2.3.1-2.3.9) reflect variables 

added to predict routing decisions.  The factors are presented below, not the generic 

section titles. 

¶ Section 2.1.1: Toll estimation through feedback control 

¶ Section 2.1.2: Travel Demand Variability 

¶ Section 2.1.3: Travel Time Reliability (Self Learning Approach) 

¶ Section 2.3.1: Real time information 

¶ Section 2.3.2: Value of Time Distribution 

¶ Section 2.3.3: Unobserved Heterogeneity (Trip purpose and income) 

¶ Section 2.3.4: Toll rates and traffic volumes 

¶ Section 2.3.5: Attitudinal Factors 

¶ Section 2.3.6: Risk Aversion  

¶ Section 2.3.7: Heterogeneity between Drivers 

¶ Section 2.3.8: Known Travel Times 
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Toll estimation through feedback control represents an attempt to estimate a toll rate as a 

function of diversion rates, value of time, and the percent diversion into a managed lane. 

However, a weakness in this approach is when speeds are high in the managed lane, the 

algorithm continues to add traffic to the managed lane at flow ratios above 100%.  Travel 

demand variability was not found to significantly impact behavior as there was only 

minimal change when using a fixed toll versus one that accounted for variability in travel 

demand.  Travel time reliability was found to be a significant predictor for choosing the 

managed lane when accounting for income, trip purpose, value of time, and travel time.  

As expected, the researchers showed that travel time reliability on a managed lane was 

significant when coupled with travel time savings, as opposed to examining travel time 

savings in isolation.  In the presence of real time information about tolls and travel times, 

many drivers still made lane choices inconsistent with minimizing their travel cost.  This 

result may be due to an assumption of rational driver behavior, which may not be a 

realistic assumption when drivers make decisions that do not minimize their travel cost.  

Some researchers examined the choice to use the managed lane based upon a VOT 

distribution believing that logit models would always assign vehicles to the route with the 

lowest cost.  However, their research showed that 50% of drivers always chose the tolled 

route under free flow conditions, indicating that under stochastic conditions, this strategy 

would not maximize throughput in the managed lane.  Trip purpose and income level 

were used to estimate travel time and travel time reliability for a tolled and untolled 

roadway in South Korea.  The researchers indicated that actual values of time and values 

of reliability were difficult to obtain given the reliance on stated preference data.  A 

growing research area examines the time varying effects between GP and managed lane 
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volumes, and existing toll rates.  The research found that toll rates were most sensitive to 

managed lane demand from the previous five-minute period, indicating a lagged effect.  

Additionally, the increase in managed lane demand resulted from a higher toll rate.  

Attitudinal factors were examined, namely willingness to pay, willingness to shift 

schedule, cost and time sensitivity, and congestion tolerance to assess how behavioral 

attitudes may impact the choice to use a managed lane.  The results of the study showed 

those drivers with a high willingness to pay and willingness to shift scheduling used the 

managed lanes the most, while those with high-cost sensitivity and high tolerance for 

congestion were less likely to do so.  Individual drivers may make decisions based upon 

their habits, experiences, and willingness to take risks as opposed to responding to 

changes in toll rates or travel time savings.  There is an emerging consensus that 

estimates of value of time are suspect given the perception of many drivers that they save 

significantly more travel time than they do.  As found previously, research has shown that 

motorists with higher incomes were found to be least responsive to changes to toll rates, 

however, women, middle aged motorists and smaller households were found more likely 

to use a managed lane.  Heterogeneity was captured through differences in travel cost, 

income, travel time, and distance.  Expected travel times and toll rates were provided to 

drivers prior to their trip to measure their use of a tolled lane.  The study found that the 

toll rate was the primary indicator impacting the choice of drivers to utilize a managed 

lane, indicating that driversô expectations of travel time savings increase substantially 

when toll rates increase.  

 The existing literature does not present a full  picture about whether drivers make 

decisions out of a desire to choose a route even if it adds travel cost, or whether it should 
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be statically portrayed as a function of VOT for some level of travel time savings.  The 

research reveals a need to integrate behavioral factors into the development of tolling 

functions to identify the factors that impact the decision-making process.  Chapter 3 

integrates the findings from the literature, culminating with the development of VISSIM® 

microsimulation models which predict the routing choices of users after the inclusion of 

new dedicated access points to and from the newly deployed, Northwest Corridor 

managed lane.  Heterogenous toll rates per mile will be applied to assess changes in 

routing behavior of drivers both during and after the A.M. rush hour periods. 
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CHAPTER 3. SIMULATION AND ROUTE CHOICE  

Traffic simulation is a tool that can be used to replicate real world conditions.  

Several traffic simulation software programs have been used to simulate HOT lane 

operations.  AIMSUN simulation software produces dynamic forecasts of traffic 

conditions using equilibrium assignment techniques and is commonly used in the 

development of feasibility studies (22).  PARAMICS® utilizes a built-in route choice 

model to simulate driverôs lane choice between free and tolled facilities based on cost 

benefit analysis (23).  DynaMIT® is a real time traffic microsimulation software that 

contains models of travel demand, travel behavior, and network supply.  Network state 

information is taken from DynaMIT® and provided as an input into MITSIMLab®, which 

is used to model and evaluate the impact of alternative traffic management system 

designs at an operational level, aiding in the development of system designs.  

TransModeler® can simulate pricing schemes that vary toll rates based on vehicle 

occupancy, prevailing traffic demand, and time of day (23).  It also includes some 

embedded models that evaluate driversô value of time and cost sensitivity in route choice 

decision making.  VISSIM® simulation contains several HOT lane modeling tools.  

VISSIM® allows for the definition of static routes where the user can define the level of 

traffic demand entering the managed lane during specific time intervals where users can 

specify their own tolling and lane choice models (23).  As shown in Chapter 2, there are a 

plethora of tolling and routing models and new variables that are introduced to predict 

route choice.   
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Section 3.1 and its subsections provide some literature about the VISSIM® 

parameters related to impedance and route choice which impact human behavior.  Section 

3.2 provides a brief synopsis of the VISSIM® literature.  Section 3.3 examines how 

VISSIM® integrates some of the variables identified in the simulation modeling approach 

and briefly discusses the research plan, which will be further detailed in Chapter 4.  

Section 3.4 briefly summarizes the chapter, reminding the reader that the simulated path 

results for route choice do not actually represent the decisions of drivers, but seek to 

minimize impedance. 

 Impact of Information ï Behavior Cognition Simulation and Route Choice 

Lin et al. developed a cognitive route choice model within a VISSIM® and Visual 

Basic platform which described the decision-making process of drivers during travel (24).  

A stated preference survey for driversô route choice behavior was performed when 

drivers were provided with travel information from a changeable message sign.  From the 

survey data, the authors developed a logistic regression model to estimate route tendency.  

Lin et al. posited that the drivers route choice behavior cognition process is comprised of 

several stages namely perception, retrieval, execution, and reasoning (24).  The 

perception stage refers to driverôs self attributes such as age, gender, and driving age, 

temporary attributes such as destination, task urgency, and physiological status, and the 

surrounding environment, which includes variables such as weather and road conditions 

(24).  In the retrieval stage, a route choice is chosen, while in the execution stage the 

driver senses the variation within the temporary attributes and surrounding environment 

and repeats the retrieval process.  Lastly, the reasoning stage would occur if an 

unexpected event occurred such as being alerted of major accident on a changeable 
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message sign, causing the driver to reevaluate their route choice (24).  After travel 

occurred, travel time information is stored and an evaluation of whether a better route 

could have been chosen is evaluated.  The results of the study showed that incorporating 

the behavior cognition model led to lower travel costs, however, the study cannot be 

replicated to different city road networks, especially those which include signal networks 

as part of the optimization.  The limitations noted by the authors indicated that signal 

optimization for large networks would present a significant challenge. 

3.1.1 VISSIM Parameters Related to Impedance and Route Choice 

VISSIM® chooses routes that minimize impedance, that is, the total cost of travel 

along a specific path for a particular trip.  Impedance is modelled through a combination 

of behavioral, routing, simulation, and network parameters.  Specific details about these 

parameters are discussed in Chapter 6, but some brief descriptions are provided below:  

Several driver behavioral parameters address how vehicles respond in the presence of 

other vehicles.  

¶ Car Following Settings ï Involves use of Wiedemann parameters CC0-CC9 for 

traffic flow throughout the network, headway times between vehicles, standstill 

distance from fixed objects, and the acceleration and deceleration of vehicles.  

The diffusion time, which is the maximum amount of time a vehicle can wait 

behind a signal before making a lane change impacts the capacity of the roadway 

network.  
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¶ Lane Changing Parameters ï Settings for lane changing distances between the 

leading and following vehicles are critical.  The cooperative lane changing 

settings are especially important in areas where a new merging behavior has been 

created, and the safety reduction factor, which reflects the safety distance of a 

following vehicle after a lane change has occurred.  The aggressiveness of lane 

changing impacts impedance, where aggressive lane changes can improve 

capacity, while extremely conservative lane changing yield queue build up 

through more than one cycle length at a signalized intersection.   

 

¶ Speed distributions ï Speeds along interstate and arterial routes are set within 

VISSIM®.  Lower speeds would have an impact on impedance directly by 

increasing travel time 

There are also routing parameters which are used to define impedance.  Traffic volumes 

are placed within seventy-two five-minute matrices, where the generalized cost function 

within VISSIM® seeks to minimize total costs (impedance) through a weighting of travel 

time, distance, and other penalties such as tolls as mentioned previously.  The tolls 

charged per mile ($0, $.20. $.50, and $1.00) are modelled within individual managed lane 

links within VISSIM®.  Some simulation and calibration parameters that have an impact 

on impedance are listed below: 

¶ Simulation Resolution:  This parameter represents the number of time steps per 

simulation second and impacts how vehicles interact with one another.  Values 

between five and ten are normally suitable for large simulations, however values 

between ten to twenty may be suitable for smaller simulations and lead to 
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smoother movements, however, for larger simulations, too many time steps per 

simulation second may cause the simulation to crash.   

¶ Random seed:  For dynamic assignment, the random seed should be set to zero for 

convergences.  However, to ensure the assignment of the same vehicle numbers 

throughout different runs, the model should be run with the same random seed. 

¶ Dynamic Assignment increment: For dynamic assignment, it is advisable to scale 

total volumes to 20% or less so that VISSIM® can learn the characteristics of the 

model.  If the volume is scaled at 20% increments, five runs would be appropriate 

for each of the ten total model runs.  Lower scaling (say 10%, 10 model runs) 

would lead to better ólearningô of the traffic characteristics smoothing out 

pertubations in the traffic but would be prohibitive from a time management 

standpoint. 

¶ Deceleration and acceleration:  The rate at which vehicles accelerate along arterial 

routes as opposed to interstate routes are modelled differently given the variations 

in speeds.  The prevalence of reduced speed areas around signalized intersections 

and the stop and go nature of traffic do impact how quickly vehicles can 

accelerate or decelerate on arterial routes. 

Lastly, there are some network geometry and infrastructure parameters that directly 

impact impedance are shown below: 

¶ Lane configuration: The number of lanes along arterial routes and interstate 

routes differ significantly, impacting travel times.  The presence of merging 
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and diverging onto the managed lane influences traffic flow.  Merging points 

to the managed lane entry locations introduce different weaving patterns. 

¶ Signalized intersections ï The presence of closely spaced signalized 

intersections with reduced speed areas impact traffic speeds.  Since VISSIM® 

does not dynamically update signal cycle lengths during a simulation run, it is 

expected that some impedance is added in certain, highly congested areas as 

vehicles wait to be processed through the intersections.  Signalized 

intersections are not designed to give priority to managed lane traffic.  

¶ Link length:  The respective curvature and the link lengths along the managed 

lane, interstate, and arterial routes may slow traffic if link lengths are small, 

particularly in the case of arterial routes.  Interstate and managed link lengths 

are generally longer than those for closely spaced arterials. 

¶ Weaving sections:  Some impact to impedance is expected if vehicles must 

increase their weaving distance across several lanes of traffic to access 

managed lane entry points   

This work involves a high density of signalized intersections; delays associated with 

waiting time at intersections also impact the total travel cost per route as vehicles exit the 

managed lane.  There is a plethora of parameters that impact impedance, however, within 

VISSIM®, the largest impacts involve the driver behavioral parameters, particularly 

headway, safety reduction factor, and time of diffusion.  High levels of congestion, 

waiting time at signalized intersections, impact travel speeds which are directly correlated 

to travel time.  Travel impedance increases with congestion, which directly affects 

waiting time and travel speed, impacting route choice.  These parameters are discussed in 
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greater detail in Chapter 6.  Ultimately, demand patterns change during the day where 

higher demand increases congestion along managed lane, arterial, or interstate facilities.  

Since most routes chosen by VISSIM® include a combination of these facilities for at 

least a portion of each trip, the corresponding impacts on speed, and ultimately, 

impedance, is analysed within this work. 

3.1.2 Calibrationï VISSIM® Simulation 

The purpose of calibration is to find a set of model parameters which provide a 

reasonable description of human behavior within a VISSIM® simulation environment.  

Lownes and Machemehl conducted a sensitivity analysis of VISSIM® simulation capacity 

output for the US 75 Interchange and the George Bush Turnpike just north of Dallas 

Texas (25).  They examined ten VISSIM® behavioral parameters, namely CC0-CC9 to 

examine the impacts on roadway capacity.  The authors found that stopped condition 

distance (CC0) significantly reduces capacity at high values, but as CC0 is reduced, the 

headway time (CC1) becomes more dominant in lowering capacity as it increases.  They 

note that as the distance increment beyond the safety distance that a driver allows 

increases (CC2 and CC3), the capacity drops significantly indicating drivers are less 

aggressive and maintain a larger following distance (25).  As the entering and following 

thresholds (CC4 and CC5) are reduced, drivers became more sensitive to the preceding 

vehicle and followed it more closely, which lead to an increase in roadway capacity  

(25).  They found that the speed dependency on oscillation (CC6) and Oscillation 

Acceleration (CC7) had minimal effects on capacity as those variables were a function of 

following distance.  At low levels, stopped condition acceleration (CC8) greatly reduces 

capacity as the time needed to accelerate greatly increases, while acceleration at 50 mph 
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(CC9) had negligible impact on capacity (25).   Park et al. investigated crash potential 

through a multi agent driving simulator approach, results of which were used to modify 

behavioral parameters within a VISSIM® microsimulation to model low and high levels 

of aggressive driving in their study (26).  The following table, taken from their study 

provides a comparison of normal and aggressive driving parameters.  As noted, the look 

ahead distance and the safety reduction factor provided in Table 5 were taken from 

Habtemichael and de Picado Santos (27), indicating a significant impact on safety with an 

increase of 877% in simulated vehicle conflicts and a five to seven percent decrease in 

travel time (27).  The authors also indicated that high values of the negative and positive 

following thresholds (CC4 and CC5) make simulated vehicles excessively aggressive, 

while low values of these parameters make vehicles more defensive.  Lower values 

indicate tight coupling of vehicles and lower rates of acceleration and deceleration, while 

higher values indicate the converse.  The authors examined lane changing parameters and 

found that low values of the safety reduction factor (0.1), increased the number of vehicle 

conflicts by 680%, but at higher levels (.60 and .80), lead to a reduction in vehicle 

conflicts of 33% and 55%, respectively (27).  Low values of the safety distance reduction 

factor (.10-.30) were found to lead to more aggressive driving and increases in roadway 

capacity as the original safety distance needed to make a lane change is reduced by a 

factor of (1-safety reduction factor).  In addition, the actual rates of deceleration and 

acceleration were found to impact the lane changing position since vehicles attempt to 

make lane changes at the last moment near off ramps, causing excessive delays and 

bunching of vehicles (27).  Table 9 shows a comparison of driving parameters, showing 
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the longitudinal, lateral, and acceleration parameters within VISSIM® for normal and 

aggressive driving. 

Table 7: Comparison of Driving Parameters (27) 

 

The authors found that the minimum headway (CC1) for aggressive driving and 

normal driving should be 0.52 and 0.90, respectively (27).  This result concurs with the 

findings of Lownes and Macemehl (25).   Habtemichael and Picado Santos performed a 

sensitivity analysis on a total of 21 behavioral parameters within VISSIM®, investigating 

changes in the number of simulated vehicle conflicts and their impacts on travel time to 

evaluate impacts upon safety (27).  Their research identified CC1-CC5 as having the 

greatest impact on car following behavior, where the lane changing position, maximum 

deceleration, and the safety reduction factor had the most influential impact upon the lane 

changing model.  Interestingly, they found that a headway time (CC1) of 0.5 seconds 

having a Li, Seth, and Cummings investigated how simulated AV fleets with various 

levels of aggressive driving behavior could impact traffic efficiency and safety on a small 

highway section in Durham, North Carolina (28).  They evaluated five vehicle models, 

ranking them from low to high levels of aggressiveness.   
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Tables 8, 9 and 10 depict vehicle following parameters, lane change parameters, 

and a ranking of aggressiveness levels used in the study. The authors evaluated levels of 

aggressiveness based upon standstill distance, largest acceleration, headway times, safety 

reduction factor, car following distance, and standstill acceleration. The most aggressive 

model contained the shortest standstill distance, largest acceleration, and shortest 

headway time while the least aggressive model is characterized by the largest car 

following distance and lowest acceleration (28).  Their study found that the lowest 

aggressively ranked model took a long time to pass through the network and had a 

significant number of vehicle conflicts, concurring with the work of Habtemichael and 

Picado Santos.  The study concluded with the contention that aggressive AVs with nearly 

flawless conditions yielded only minimal improvements in traffic performance when 

compared to human driven vehicles (28).  

Table 8: Vehicle Following Parameters (28) 
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Table 9: Lane Changing Parameters (28) 

 

Table 10: Vehicle Model Aggressive Level Ranking ï High to Low (28) 

 

Michalaka et al. developed three sets of modeling components to simulate high 

occupancy toll operations using enhanced CORSIM® simulation for the I-95 Express 

Lanes (23).  The first modeling component consists of different pricing strategies, 

namely, responsive, closed loop control-based pricing, and time of day pricing schemes.  

Responsive pricing seeks to manage traffic demand in a HOT lane by adjusting the toll in 

response to increases or decreases in the lane density (23).  Closed loop pricing adjusts 

the toll based on the toll during the current time interval, current traffic density, and the 

required density.  The toll for the next time interval is compared with the minimum and 

maximum toll thresholds defined by the governing agency.  Time of day pricing follows 

a predetermined toll schedule and is not based on real time traffic conditions (23).  These 

pricing strategies were implemented in CORSIM® with the flexibility to be customized.  

Lane choice behavior was modelled with the presence of tolls under the assumption that 

motorists choose to pay a toll if the benefit they receive from travel time savings are 
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greater than the toll they were charged (23).  To address the variation in Value of Time 

(VOT), the authors modelled up to five different VOTs for each toll paying vehicle.  

 Another component of the study involved an evaluation of how the use of zone 

based, origin-specific, o-d based, or distance-based structures would work in a multi 

segment HOT lane facility (23).  The authors stressed that comparing the toll structures 

would not provide an adequate assessment of which toll structure worked the best, as the 

toll rates were not optimized against each structure and not replicable but could differ 

based on the type and design of HOT facility (23). 

 Summary of the VISSIM Literature  

The VISSIM® literature analyzed the behavior cognition process, ten behavioral 

parameters, and driver level of aggressiveness based on a plethora of safety factors.  Lin 

et al. posited that the drivers route choice behavior cognition process is comprised of 

several stages namely perception, retrieval, execution, and reasoning (24).  The 

perception stage refers to driverôs self attributes such as age, gender, and driving age, 

temporary attributes such as destination, task urgency, and physiological status, and the 

surrounding environment (24).  A route choice is chosen in the retrieval stage, while in 

the execution stage the driver senses the variation within the temporary attributes and 

surrounding environment.  The reasoning stage would occur if an unexpected event 

happened such as being alerted of major accident.  The results of the study showed that 

incorporating the behavior cognition model led to lower travel costs, however, the study 

cannot be replicated to different city road networks, especially those which include dense 

signal networks.  Lownes and Machemehl conducted a sensitivity analysis examining ten 
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VISSIM® behavioral parameters, namely CC0-CC9 to examine the impacts on roadway 

capacity.  They found that stopped condition distance (CC0) significantly reduces 

capacity at high values, but as CC0 is reduced, the headway time (CC1) becomes more 

dominant in lowering capacity as it increases.  They note that as the distance increment 

beyond the safety distance that a driver allows increases (CC2 and CC3), the capacity 

drops significantly indicating drivers are less aggressive and maintain a larger following 

distance (25).  As the entering and following thresholds (CC4 and CC5) are reduced, 

drivers became more sensitive to the preceding vehicle and followed it more closely 

leading to an increase in roadway capacity (25).  They found that the speed dependency 

on oscillation (CC6) and Oscillation Acceleration (CC7) had minimal effects on capacity 

as those variables were a function of following distance.  At low levels, stopped condition 

acceleration (CC8) greatly reduces capacity as the time needed to accelerate greatly 

increases, while acceleration at 50 mph (CC9) had negligible impact on capacity (25).   

Li, Seth, and Cummings evaluated levels of aggressiveness based upon standstill 

distance, largest acceleration, headway times, safety reduction factor, car following 

distance, and standstill acceleration. The most aggressive model contained the shortest 

standstill distance, largest acceleration, and shortest headway time while the least 

aggressive model is characterized by the largest car following distance and lowest 

acceleration (28).  Their study found that the lowest aggressively ranked model took a 

long time to pass through the network and had a significant number of vehicle conflicts.  

While Michalaka et al did not utilize VISSIM® for simulating pricing for HOT lane 

operations, their research consists of different pricing strategies, namely, responsive, 

closed loop control-based pricing, and time of day pricing schemes, analyzing five VOTs 
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for each paying vehicle.  They found that comparing the toll structures would not provide 

an adequate assessment of which toll structure worked the best, as the toll rates were not 

optimized against each structure and not replicable but could differ based on the type and 

design of HOT facility (.23).   

The research provided some limitations to consider, namely, that large networks 

with high densities of signalized intersections should be appropriately modelled if an 

attempt is made to examine the impact of a new managed lane network in the Atlanta 

area.  Disentangling how to optimize tolling operations was challenging given the unique 

design of toll structures, so a strategy of embedding the costs of the toll within the 

managed links under various toll penalties was considered to reveal the toll which 

minimized impedance.  Lastly, incorporating the behavioral factors from the research 

which impacted impedance provides a framework for examining if those results would be 

replicated in this work.  The literature has set the stage for the research plan, which will 

be briefly discussed in Section 3.3.    

 Research Plan Overview 

This section provides a brief synopsis of the research plan to provide the reader 

with an understanding of the research direction, with brief discussion on the model runs 

performed.  Detailed explanations of the research methodology, VISSIM® modeling, and 

detailed specifics of the model runs are found in subsequent chapters. To estimate 

whether the implementation of the Northwest Corridor Managed Lane impacted routing 

behavior, the vehicle travel times in both the pre- and post-managed lane VISSIM® 

simulation models were compared after the enactment of toll penalties of $0, $.20, $.50, 
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and $1.00 per mile along the managed lane links.  Eight post managed lane model runs 

were performed (one for each express toll penalty), four for each of the two specified 

time periods. Two pre managed lane model runs were performed to establish the base 

case scenario prior to the implementation of the managed lane.  The data outputs from 

VISSIM® include the time of entry and exit from each origin and destination zone, speeds 

(mph) calculated at one second levels of granularity, and the time at which each link was 

traversed throughout the route for vehicles that utilized the managed lane.  The actual 

route chosen by VISSIM® minimizes impedance (total travel costs), which reflects the 

total costs associated with travel distance, travel time, and financial costs.  There are 

situations where routes are chosen by VISSIM® that have higher travel times than other 

routes, but whose travel distance and tolls yield a lower total cost, indicating the impact 

of travel demand over time and variability in travel speeds.  A list of the model runs 

performed for both the pre and post conditions (with and without managed lane) for tolls 

charged per mile is provided below:  

¶ Model Run PRE 1: No managed lane case from 5 A.M.-8 A.M. 

¶ Model Run PRE 2: No managed lane case from 8 A.M.- 11 A.M 

¶ Model Run POST 1: $0 toll for using the managed lane from 5 A.M.-8 A.M. 

¶ Model Run POST  2: $0 toll for using the managed lane from 8 A.M.-11 A.M. 

¶ Model Run POST  3: $0.20 toll for using the managed lane from 5 A.M.-8 A.M. 

¶ Model Run POST  4: $0.20 toll for using the managed lane from 8 A.M.-11 A.M. 

¶ Model Run POST  5: $0.50 toll for using the managed lane from 5 A.M.-8 A.M. 

¶ Model Run POST 6: $0.50 toll for using the managed lane from 8 A.M.-11 A.M. 

¶ Model Run POST 7: $1.00 toll for using the managed lane from 5 A.M.-8 A.M. 
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¶ Model Run POST 8: $1.00 toll for using the managed lane from 8 A.M.-11 A.M. 

The following data was collected from VISSIM® for each of the model runs: 

¶ Simulation Second ï The number of seconds in the simulation run starting at 0 

seconds to the end of the simulation run e.g (three hours = 10,800 seconds) 

 

¶ Number ï The assigned vehicle number remains the same across each run, where 

the random seed value remains the same. Zero is specified as the random seed 

incremental value. 

 

¶ Lane/Link/Number ï The corresponding link number in VISSIM® along with the 

lane where the vehicle is located at any point in time during the simulation run. 

 

¶ Start Time (time of day) ï The time of day each vehicle enters the model. 

 

¶ Speed (mph) ï The speeds of vehicles as they cross each link in the model. 

 

¶ Origin Zone ï The zone at which the vehicle enters the model ï start time is 

known.  Origin and destinations zones are quantified within parking lots at each 

origin and destination point within the model.  

 

¶ Destination Zone ï The zone at which the vehicle exits the model ï exit time is 

known. 

 

¶ Time in network (sec) ï The amount of time each vehicle stays in the model. 

 

¶ Distance Traveled (ft) ï Distance traveled by each vehicle in the model. 

These data outputs were utilized to calculate the associated travel time savings between 

the PRE and POST models under each tolling regime.  The speeds and distance traveled 

along arterials, interstate, and managed lane components of each chosen route were 

calculated to assess where travel time savings were gained or lost along the route under 

heterogeneous tolling regimes.  The detailed results for each model are provided in 

Chapter 8.     
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 There are some limitations inherent within VISSIM® model that should be 

considered in future research.  By developing such a large network with over one 

hundred fifty intersections (some of which are closely spaced), it may be advisable to 

develop a way for VISSIM® or another microsimulation model to iteratively change the 

cycle lengths at intersections during the simulation run to be better responsive to 

fluctuations in travel demand.  Another related research consideration is addressing 

waiting time at intersections, as it is impossible to achieve network optimization at 

signalized intersections without being able to optimize cycle lengths.  Future research 

may also consider greater analysis of human behavior, particularly by seeking to develop 

different weighting factors within the general cost function for tolled and non-tolled 

cases, use of various safety factors to assess lane following and lane changing, and 

iterating time of diffusion values to model queueing and congestion.  Lastly, this research 

identified some changes in merging behaviors, as vehicles needed to merge towards 

managed lane entrances that were located on the left-hand side of the interstate as 

opposed to being co-located with general purpose lane exits.  This ónewô merging 

behavior may need to be modelled separately with a different set of braking and lane 

following models within VISSIM®.   

The car following models within VISSIM® were not initially  designed to address 

odd merging behaviors along an interstate route, which could potentially cause 

congestion and overestimate actual delay.  While there is some expectation that different 

merging behaviors would cause some queuing at managed lane entry points, a deeper 

analysis into expected queued delay at managed lane entry points may find that the 

benefits of the managed lane would be greater than we expect.  While signage about the 
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managed lane entry points is located at least one-third of a mile in advance of entry, 

drivers tend to ignore signage and want to merge just a few hundred feet from the entry 

point.  Additionally, vehicles that have the greatest merging distance may not actually 

notice or be familiar with signage associated with entry into the managed lane since 

managed lane entry points are not co-located with general purpose lane exits, as 

expected.  There is a plethora of different research studies that could be pursued; 

however, the purpose of this section was to highlight a few areas of significant interest.  

 Summary  

This chapter provided discussion of simulation literature with particular emphasis 

on the impact of information and the specific VISSIM® parameters that impact 

impedance, that is, the total travel costs per route, expressed as a function of travel time, 

travel distance, and heterogeneous tolls.  VISSIM® selects the route that minimizes 

impedance after comparing all paths from specific origins and destinations.   Lin et al. 

posited that the drivers route choice behavior cognition process is comprised of several 

stages namely perception, retrieval, execution, and reasoning. The results from this study 

showed that incorporating the behavior cognition model led to lower travel costs, 

however, the model is not applicable to large networks with significant densities of signal 

networks.   

There are behavioral, routing, calibration, and simulation parameters identified 

within VISSIM® which impact impedance.  Settings for car following, lane changing, 

simulation resolution, scaling of traffic volumes, acceleration and deceleration functions, 

lane configurations, link and weaving lengths, presence of significant number of 



85 

 

signalized intersections, and calibration factors (CC0-CC9) impact impedance.  The 

research has found that all these factors directly impact the level of congestion, speed, 

and consequently, travel time along selected routes.  The headway spacing between 

vehicles (CC1), the presence of signalized intersections, car following, and lane changing 

factors were found to have the most significant impacts on impedance.  The research plan 

overview in Section 3.3 discussed the setup of the two pre and eight post model runs, and 

the data extracted from VISSIM®, namely simulation second, vehicle number, lane and 

link number, start time, origin zone, destination zone, time in network, and distance 

traveled throughout the network.  These data components are used to calculate the speeds 

and travel times along interstate, managed lane, and arterial sections of the chosen route 

under different tolling regimes.  The pre and post model run travel times for chosen 

routes are compared to ascertain whether the implementation of the managed lane yielded 

positive or negative travel time savings.  Finally, some limitations inherent within 

VISSIM® were identified, namely the presence of over one hundred fifty intersections 

(some of which are closely spaced) makes optimization challenging, so a mechanism for 

VISSIM® or another microsimulation model should seek to iteratively change the cycle 

lengths at intersections during the simulation run to better respond to heterogeneous 

travel demand.  The waiting time at intersections impacts total travel time since signal 

cycle lengths cannot be optimized or changed during a simulation run.  Future research 

may seek to develop different weighting factors within the general cost function for tolled 

and non-tolled cases, use of various safety factors to assess lane following and lane 

changing, and iterating time of diffusion values to model queueing and congestion.  

Lastly, this research identified some changes in merging behaviors, as vehicles needed to 
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merge towards managed lane entrances that were located on the left-hand side of the 

interstate as opposed to being co-located with general purpose lane exits.  This ónewô 

merging behavior may need to be modelled separately with a different set of braking and 

lane following models within VISSIM®.  While signage about the managed lane entry 

points is located at least one-third of a mile in advance of entry, drivers tend to ignore 

signage and want to merge just a few hundred feet from the entry point.  Understanding 

behavioral changes in real time remains a significant challenge in simulation research.   
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CHAPTER 4. RESEARCH METHODOLOG Y 

 Statement of the Problem 

Most microscopic traffic models focus primarily on route change behavior at 

localized intersections and other high traffic areas near the entrance to a tolled facility.  

Analysis tends to involve a singular focus on travel time savings accrued using a 

managed lane that lies parallel to general purpose lane (GPL) exits under some assigned, 

implied value of time.  However, there is a paucity of knowledge examining changes to 

route choice when new dedicated entry and access points are deployed to and from the 

Express Lane on the opposite side of general-purpose lane exits.  The problem addressed 

in this dissertation is whether modelled route choice from trip origin to trip destination 

significantly changed after the implementation of the Northwest Corridor managed lane 

during the A.M. peak hour periods after the deployment of dedicated access points to and 

from the Express Lane and when there is restricted access to the general purpose lane 

exits once a decision has been made to utilize the Express Lane.  A key feature of the 

Northwest Corridor managed lane is the presence of dedicated access points to and from 

the Express Lane along I-75, where general purpose lane exits located along I-75 cannot 

be accessed from the managed lane once a choice has been made to utilize the Express 

Lane.  As a result, users of the managed lane may accrue additional or reduced travel 

time to their destination during the A.M. peak hours if the managed lane entries and exits 

take them farther away or closer to their origin or destination than if they had used 

general purpose lane exits.  Since the managed lane dedicated access points are not co-

located with general purpose lane exits, an examination of travel time savings alone on 



88 

 

the managed lane would not provide a useful prediction concerning route choice.  The 

proximity of the driverôs trip origin to the managed lane and general-purpose lane entry 

and exit points may impact their choice to use the managed lane.  In addition, motorists 

taking longer trips on the managed lane may prioritize travel time savings and expected 

travel time reliability given increased uncertainty attributed to longer trips, while 

motorists traveling only short distances may focus on location and convenience of the 

managed lane in making their decision.  The pricing of managed lane facilities when 

general purpose and managed lane exits and entries are not collocated with one another 

provides a significant challenge for practitioners to adequately price the managed lane 

since it is difficult to ascertain whether motorists truly experience any óguaranteedô travel 

time savings as they travel from trip origin to trip destination for the totality of their trip.  

Travel time savings cannot be quantified easily for the totality of the trip given the travel 

times along arterial routes prior to entering or after exiting the managed lane are 

unknown.   

To examine whether the simulation predicts a change to route choice, various toll 

rates per mile are simulated at a link level (toll per mile) along the Express Lane.  By 

analyzing the modelled route choice for 150,000 vehicles under different tolling regimes 

across a wide distribution of 13,924 origin-destination trip pairs, and 118 unique zones 

for every five-minute period within a six-hour analysis period from 5 A.M. to11 A.M.  

Within VISSIM®, three percent vehicles utilized the managed lane during the time 

periods of analysis.  VISSIM® sets the routing choice at the beginning of each trip with 

the expectation that the choice to utilize the managed lane is based upon minimizing 

travel costs. The VISSIM® model output can be used to inform the development of lane 
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choice models, as they currently do not account for situations where access to general 

purpose lane exits is restricted from the managed lane but focus primarily on situations 

where the managed lanes are implemented as parallel facilities to the existing roadway 

network with access to general purpose lane exits.  

 Research Hypothesis 

The purpose of this work is to develop a sensitivity analysis on toll rates charged per 

mile, primarily during the A.M. peak hour periods within a simulation which evaluates 

the potential impact of reduced access on modelled route choice from trip origin to trip 

destination after the implementation of the Northwest Corridor managed lane.  The toll 

rates charged along the Northwest Corridor managed lane are currently not dynamically 

responsive to real-time changes in travel demand but utilize a generalized static tolling 

schedule.  The following questions are discussed in greater detail within the dissertation:   

1. Does restricted access to general purpose lane exits which impose location and 

travel time differences significantly impact driving modelled route choice from 5 

A.M.-11 A.M.? 

 

2. How can VISSIM® data output be used to inform the development of lane choice 

models when access to general purpose lanes is restricted for users of the 

managed lane? 

 

The research statement and research hypothesis can be summarized by the following: 

Research Statement: Induced changes in modelled route choice attributed to the 

presence of the Northwest Corridor managed lane, during the A.M. peak hours can be 

measured by conducting a sensitivity analysis on toll rates per mile within a traffic 

simulation which evaluates the impacts of new dedicated access and exit points to and 
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from the managed lane when compared to the previous case before the implementation of 

the managed lane. 

Research Hypothesis: There are not significantly induced changes in modelled route 

choice attributed to the new dedicated access and exit points to and from the managed 

lane during the A.M. peak hours. 

This hypothesis is tested through the development of a sensitivity analysis on toll 

rates within a VISSIM® traffic simulation which predicts the modelled route choice of 

traffic after the implementation of the Northwest Corridor managed lane.  Vehicle 

modelled route choice was evaluated based upon the results of the vehicle record data, 

which contains speed, travel time, and the cost penalty (tolls per mile) implemented along 

managed lane links.  VISSIM® selects routes based upon which routing alternative would 

minimize the objective function, namely total travel cost.  By examining the potential 

differences in modelled route choice under different tolling regimes, the writer seeks to 

investigate the impacts of the Northwest Corridor on total travel time from trip origin to 

trip destination to evaluate potential induced changes in modelled route choice.  The 

hypothesis can be shown to be valid if the simulations capture only minimal differences 

in modelled route choice after the implementation of the Northwest Corridor managed 

lane.  If there are substantial changes in modelled route choice after the implementation 

of the managed lane, that would indicate a need to conduct high resolution 

microsimulations to capture these changes which are not as evident when macroscopic 

tolling and forecasting models are used.   

The following toll rates per mile ($0, $.20, $.50, and $1.00) are placed on managed 

lane links within VISSIM® to estimate any impact on modelled route choice, namely, the 
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willingness to pay or not pay a toll for some travel time benefit.  Model runs are 

performed for each toll rate scenario and the resultant modelled route choice patterns are 

examined to see if the presence of the managed lane induces changes to modelled route 

choice.  If the travel costs increase significantly without a corresponding change in travel 

time, one expects that there is a lower probability that the simulation predicts that the 

driver will  utilize the managed lane for a portion of their travel.  Some drivers who live 

near the general-purpose lane entry and exit points may be more likely to use the general-

purpose lane, while others who live nearer to the managed lane exit and entry points may 

have a higher probability of choosing the managed lane.  There may be a subset of 

drivers who choose at times to use either the managed lane or the general-purpose lanes 

for part of their trip that are not advantaged by the location of either the managed lane or 

general-purpose lane entry and exit points.  These drivers may use the managed lane for 

taking longer trips, believing that they may experience greater travel time reliability for 

their home-to-work trip.  Drivers are expected to utilize the travel option that minimizes 

their travel cost with respect to their assumed value of time.  For this work, route choices 

are modelled within a simulated environment, so the results do not represent actual driver 

decisions, but those chosen by the simulation that minimize total travel cost. 

 Design Objectives 

First Objective: Investigate the utility of previous knowledge into the development 

of this methodology 

A comprehensive literature review of existing route choice models was performed 

to ascertain their applicability to the development of models which simulate modelled 

route choice.  Most of the existing literature examines route choice and willingness to pay 
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a toll for managed lanes which are deployed as parallel facilities.  There is a paucity of 

research which examines potential changes to the arterial travel time after exiting a 

managed lane which restricts access to general purpose lane exits for motorists once they 

have entered the Express Lane. 

 

Second Objective: Create a methodology to perform a sensitivity analysis on tolling 

within a simulation which measures the impact of the Northwest Corridor on 

modelled route choice. 

The primary purpose of this study is defined in this objective, namely, the 

development of a sensitivity analysis which examines how reduced access to general 

purpose lane exits may impact route choice after the implementation of the Northwest 

Corridor managed lane under various tolling regimes.  Routes are generated by the 

dynamic assignment module within VISSIM® which assigns a cost to every route 

available to each Origin-Destination pair.  The simulation chooses the route with the 

minimum overall travel cost, which is a function of travel time, travel distance, and 

financial costs (including tolls). 

 

Third Objective: Demonstrate the application of the methodology through a case 

study.  

This objective implements the developed methodology and tests the repeatability of 

the methodology.  The first portion of the methodology considers how to analyze the 

effectiveness of managed lane system given the prevailing access restrictions to general 

purpose lane exits.  Representative cases are explained in detail and include the route 
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progressions of vehicles along their trip, with focus on trips that utilized the managed 

lane for a portion of their trip.  In addition, VISSIM® output data are used to recommend 

changes to existing lane choice models which currently do not handle cases where the 

managed lane utilizes dedicated left lane exits along I-75, thus restricting access to 

general purpose lane exits.  Existing tolling models do not account for reduced or 

increased arterial travel time experienced by the driver resulting from use of new 

dedicated access and entry points from the managed lane.  As different tolling regimes 

are implemented, the potential impact on modelled route choice is observed. 

 

Fourth Objective: Discuss recommendations to update lane choice models for  

different managed lane configurations. 

Along I-75, the managed lane utilizes dedicated left turn exits, restricting access to 

general purpose lane exits, which are generally located on the right side of the Interstate. 

Currently, no lane choice models exist which address the inclusion of new dedicated 

access points to and from an Express Lane, while at the same time, restricting access to 

general purpose lane exits once a decision has been made to utilize the managed lane. 

This objective involves the recommendation of additional variables which can be added 

to traditional lane choice models that may account for changes in total travel time once 

motorists use new dedicated access points from a managed lane.  Existing toll models do 

not account for arterial travel times that would be experienced by the driver after exiting 

the managed lane network, thus, there is no quantification of the potential impact of 

arterial travel time from trip origin to trip destination before motorists enter or exit the 

managed lane within traditional tolling models.  The impact of lower or higher arterial 



94 

 

travel times experienced as vehicles exit the managed lane facility may impact the choice 

to use the managed lane.  The arterial travel time after exiting the managed lane should 

be factored into the existing toll lane choice models as it may impact the choice to use the 

managed lane, considering the entirety of their trip from origin to destination.  

 Overview of Proposed Methodology 

The elements of the proposed methodology, including the steps taken to 

incorporate ABM trip data into VISSIM®, and the methodology employed within 

VISSIM® are encapsulated in summary form in Figures 5 and Figure 6 below. 
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Figure 5: ABM through VISSIM ® Process Schematic 
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Figure 6: Overview of VISSIM® Methodology 

Chapter 4 outlines the research methodology used to build the network within a GIS 

environment prior to the VISSIM® simulation build with particular emphasis on the data 

collection process, node matching, and data transformation process.  Chapters 5 and 6 

explain the model development process and the steps needed to build the microsimulation 

model within VISSIM® for the pre-managed lane case (without managed lane) and the 

managed lane, after implementation.  Simulations within VISSIM® are run for the 

proposed scenarios for each trip within the AM peak period that utilizes an exit or entry 

from different zones within the model.  

4.4.1 Transition from ABM to VISSIM® 

The layout of the network, including boundary conditions, Interstate, managed 

lane, and arterial roadway links utilized nodes and links from the 2020 ABM model.  
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Boundary nodes from the ABM model were identified for all trips entering and exiting 

the network.  Trips with path retention entering and exiting boundary nodes were 

requested from the ABM Travel Demand model.  Simulated trips that entered or exited 

the ABM model boundary nodes from 5 A.M. ï 11 A.M. were provided by Hongyu Lu, a 

senior doctoral student under the advisement of Dr. Randall Guensler.  Trip data from the 

ABM model was provided for imputation into VISSIM® for the expressed purpose of 

building five-minute origin-destination matrices which included the number of trips from 

each defined origin and destination zone within VISSIM®.  Initially, the trip data were 

organized with departure periods representing a half hour bin.  It was necessary to 

transform this data to provide five-minute trip data, as needed to perform simulation runs 

within VISSIM®.  To fulfil  the goal of generating five-minute trip data, an approximated 

destination terminal time was generated using a randomization algorithm and cubic 

splicing.  The goal was to capture all trips which traveled through network boundaries 

between 5 A.M. and 11 A.M with particular focus on those which utilized the managed 

lane.  The 118 network boundary nodes were first identified within the Activity Based 

Model (ABM), that is, the entry and exit points defined within the network.  Once 

identified, microsimulation models were built in VISSIM® and 118 origin and destination 

zones were defined, which represent the network boundary nodes defined within the 

ABM model.  To find the cumulative number of trips from each representative o-d pair, 

the following data from the ABM Travel Demand model were used, namely, the origin 

TAZ, destination TAZ, destination terminal time, trip traversed nodes for the entirety of 

the trip, and the associated traversed timestamps at each node.  The origin and destination 

TAZôs represent the nodes from which the trips begin and end as defined within the 
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ABM Travel Demand Model.  The destination terminal time provides an approximation 

of the time that the associated trip entered the model.  Since the trip data included path 

retention, the trip traversed nodes data provided the nodes traversed along each trip, from 

trip origin to trip destination.  Additionally, the traversed timestamp data provides the 

time when each vehicle trip crossed a node.  Simultaneously, the defined origin and 

destination zones within VISSIM® were prepared, so that the boundary conditions 

(specific boundary nodes from ABM) could be associated with defined origin and 

destination zones within VISSIM®.  The python script written by Dr. Franklin Gbologah 

generated the cumulative trips entering/exiting each origin and destination node in ABM 

with the origin and destination zones defined in VISSIM®.  Python utilized the 

destination terminal time as the point of trip entry and generated matrices with the 

cumulative number of trips from each origin and destination zone, and for each five-

minute data increment within the six-hour period of analysis.  As mentioned above, 118 

boundary nodes were identified within ABM, while 118 origin and destination zones 

were defined within VISSIM®.  In short, 72 five-minute origin-destination matrices were 

produced for the six-hour period of analysis (5 A.M. ï 11 A.M.) for each defined o-d 

pair.  The interaction and overlap between ABM and VISSIM® were provided above.  

The application of cost penalties along managed lane links, the performance of 

convergence runs to reduce travel time variability between simulation runs, and the 

process of generating vehicle record data are discussed in Chapter 7. 

4.4.2 Establishment of a Base VISSIM® Network 

1. Network boundary conditions were examined through a systematic process 

undertaken to analyze the surrounding intersections and arterial roads that are 
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most likely to be impacted from traffic exiting from or entering the managed lane 

based upon expected modelled route choice. 

 

2. The roadway links and nodes comprising the network were initially built within a 

GIS network which utilized data from the 150k link ABM 2020 Travel Demand 

Model.   

 

3. After the network was built within ArcGIS 10.7.1, the layout for the VISSIM® 

network boundaries were established.  Geometric elements including links, nodes, 

connectors, parking lots, data collection points, etc. were used to build the 

VISSIM® network. 

 

4. Signal timings for 162 signalized intersections using traffic signal data from Cobb 

County, Cherokee County, and the City of Marietta were input into the Signal 

Controller Module within VISSIM®.    

 

5. Parking lots were placed at all traffic entry and exit points. Within each parking 

lot, zones were defined to evaluate how much traffic is being generated from each 

entry and exit point within the model.  Origin-Destination trips were paired from 

zone to zone within VISSIM® with a total of 118 zones. 

 

6. Data collection points are placed near every entrance and exit point to ascertain 

the vehicle volumes coming out of each zone and provide an estimate of trip 

attractions between specific origins and destinations. 

 

7. Nodes are placed in the middle of each signalized intersection to capture traffic 

flows through intersections and at merging and diverging points along the 

Interstate.  Nodes are also placed at all boundary entry and exit points. 

 

8. A 118x118 Origin-Destination matrix was created for each five-minute data 

interval within the six-hour (5 A.M. to 11A.M.) time periods as defined in the 

study. 

 

9. Python script was used to transform the trip data from ABM into Origin-

Destination matrices to capture vehicle trips every five minutes throughout the 

study corridor (from zone to zone).    

 

10. VISSIM® utilized five-minute trip data to build and simulate the model.  

 

11. VISSIM® simulations were run for the proposed scenarios to compare the total 

travel times and route choice before and after the implementation of the 

Northwest Corridor managed lane under different tolling regimes (tolls per mile 

along the managed lane Corridor) 

 

12. The preïmanaged lane VISSIM® model examines the total travel time from each 

trip origin and destination without the presence of the Northwest Corridor 
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managed lane.  The pre-managed lane model refers to the case where no managed 

lane exists. 

 

4.4.3 Perform Simulations to Capture Route Decision 

1. Simulations were run with specific time thresholds, namely from 5 A.M. - 8 A.M. 

and 8 A.M. to 11A.M. to reduce the size of the data output files (vehicle record) 

from each of the model runs. 

 

2. Toll rates per mile along the managed lane were simulated using toll rates per 

mile of ($0, $.20, $.50, and $1.00). 

 

3. Trip routing decisions were then analyzed for each chosen scenario within 

VISSIM®. 

 

4. The total travel time for each trip was quantified and measured within VISSIM® 

for the Pre and Post managed lane cases. 

 

5. Trip route decisions were captured with vehicle record data which provides 

information on the vehicle number, the time and location at which each vehicle 

entered and exited the model, vehicle travel times, and the route that each vehicle 

took for the entirety of their trip from origin to destination. 

 

6. The default car following models within VISSIM® (Weidemann 74 and 

Weidemann 99) are used for freeway and arterial flows, respectively. 

 

4.4.4 Obtain Simulation Data Results 

1. Total travel time for each trip is obtained as output from the vehicle record data 

module in VISSIM®. 

 

2. Total travel time is found for individual vehicle trips by taking the travel time 

difference from time of entry to time of exit within the vehicle record for both the 

pre and post implementation cases.  

 

3. Changes in vehicle routes recommended by VISSIM® are quantified for each case 

presented in Chapter 8. 
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4.4.5 Examining Impacts on Routing Behavior  

1. Evaluation of changes in route choices and travel times before and after the 

implementation of the managed lane.  The analysis is performed by comparing 

total travel time and travel time savings. 

 

2. Routing selections for each trip are reflective of the total travel cost of each trip, 

which is expressed as a function of travel time, travel distance, and link costs 

within the VISSIM® traffic simulation. 

 

3. The total travel times when the simulation makes the decision via shortest path 

modeling to utilize the managed lane for some portion of a trip are compared to 

situations prior to managed lane implementation where only the general-purpose 

lanes could be used.   

 

4.4.6 Produce Results on Routing Selection 

The problem addressed in this dissertation is whether modelled route choice within a 

simulation from trip origin to trip destination significantly changed because of travel time 

and location differences after the implementation of the Northwest Corridor managed 

lane during the A.M. peak periods.  Changes to the Travel Costs per trip attributed to tolls 

are other factors within the simulation serves as an indicator as to whether the managed 

lane impacted modelled route choice, as lower costs of individual trips after 

implementation may increase the probability of choosing the managed lane.  

Demonstrated changes in total travel time may reveal whether drivers are more likely to 

utilize the managed lane.  An implicit assumption being made in the study is that 

simulation would choose the travel option that reliably reduces individual trip costs.  The 

exit locations from the managed lane restrict access to general purpose lane exits, 

introducing a potential impact on diversion into the managed lane. The following 

relationships may reveal whether the access restrictions imposed by the implementation 
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of the managed lane yielded significant changes to modelled route choice as evidenced 

through changes in total travel time.   

 Assumptions 

The following sections enumerate the assumptions that were made in the 

development of the methodology.  The assumptions are broken down into four distinct 

sections, namely, driver behavioral characteristics, signal control, dynamic assignment, 

and an overview of the process layout and elements within the VISSIM® microsimulation 

model. 

4.5.1 Driver Behavioral Characteristics 

The driver behavioral characteristics employed are based on a stochastic, time 

step based, microscopic model.  The traffic flow model contains a psycho-physical car 

following model for longitudinal vehicle movement and a rule-based algorithm for lateral 

vehicle movement.  It was important to design this study understanding that motorists 

may operate under different levels of aggressiveness within the simulation.  Motorists 

may follow closely behind other vehicles and brake erratically, while others may seek to 

operate conservatively and be extremely cautious when driving.  Therefore, the 

recommended default settings for driver behaviour were used as recommended within the 

VISSIM® Manual.  The recommended ranges allowed for a plethora of different driving 

situations which adequately encompassed driving behaviours that ranged from not 

aggressive to extremely aggressive.  An exhaustive review of all driver behaviour 

characteristics is not included since the decision to modify these parameters are location 

driven.  This study does not model actual driver behavior as simulated trip data has been 
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used within the microsimulation modelling.  However, it is important to note that 

simulation results are significantly affected by parameters such as waiting time before 

diffusion, minimum headway, and the safety distance reduction factor as well as others 

discussed in the literature review.  For our study, waiting time for diffusion was assumed 

to be 60 seconds for freeway traffic.  However, for urban traffic, time of diffusion had to 

be increased to 300 seconds, which represents one to two signal cycle lengths.  Waiting 

time for diffusion represents the amount of time a vehicle can wait before making a lane 

change.  If this time is exceeded, VISSIM® removes the vehicle from the model.  The 

minimum headway recommended by VISSIM® is 1.64 ft.  Headway refers to the distance 

between successive vehicles in the same lane.  Large headways of two to three feet 

between vehicles would represent an extremely safe network but would reduce capacity 

to 1800 veh/hr or less on major roadway networks.  Small values of headway such as .50 

ft would correspondingly increase capacity to 7200 veh/hr but would make lane changing 

almost impossible and contribute to significant gridlock given the inability of 

infrastructure (signals, etc.) to adequately manage such high traffic flows.  Therefore, a 

value of 1.64 ft for headway as recommended was utilized for this analysis.  The safety 

reduction factor represents the reduction in the original safety distance as vehicles make a 

lane change.  Small values of the safety reduction factor such as .2 or .3 would reduce the 

original safety distance by 80% and 70% respectively and make it more difficult for lane 

changes to occur safely during the busiest peak periods.  As traffic volumes increase 

during the AM peak hours, frequent lane changes can lower roadway capacity, but some 

flexibility must be allowed for lane changes to occur.  The recommended value of .60 

was used for the safety reduction factor in this study, which represents 40% of the 
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original safety distance during the lane change as found in the preponderance of the 

literature. 

4.5.2 Signal Control 

Signal control timings for pre and post implementation models were assumed to 

remain identical except where new signals were added because of new managed lane exit 

and entry points.  The signal cycle lengths and timings were configured to represent the 

busiest peak periods. VISSIM® does not allow for signal timing to be fully adaptive to 

real time changes in travel demand.  To mitigate potential issues, the signal timings and 

cycle lengths for the busiest one-hour period during the three-hour peak periods were 

used to accommodate traffic.  Real signal timing data for all study intersections were 

provided by Cobb County, Cherokee County, and the City of Marietta.  Ring Barrier 

Control serves as the default emulator within VISSIM®, where phasing is split up into 

two specific groups which control phases for each intersection based on location (North-

South and East-West).  Ring diagrams were provided for each intersection by the 

respective agency.  Ring barrier diagrams are constructed with the assumption that phases 

in a ring need to be served sequentially, not concurrently.  Lastly, the maximum amount 

of time a vehicle can wait to make a lane change is not a parameter that can be changed 

once the simulation starts. 

4.5.3 Dynamic Assignment Parameters 

  The choice of dynamic assignment as opposed to static assignment was critical, 

especially as the size of the network increases and travel demands change over time.  

Static assignment specifically defines the path that vehicles must travel from origin to 
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destination, so there would not be an opportunity for the selection of different paths.  

Dynamic assignment refers to the process of distributing vehicles among all potential 

available paths given the parking lots which are assigned to corresponding zones.  Paths 

are defined as a sequence of edges starting at an origin parking lot and ending at a 

destination parking lot.  VISSIM® enumerates the number of paths between each origin 

and destination and selects paths based upon the generalized costs for each path.  For this 

study, the Kirchhoff stochastic distribution was used to assign paths for each iteration 

based upon the generalized costs for previous iterations.  The generalized costs of a path 

consist of travel time, travel distance, and links costs and are defined as the summation of 

the cost of the edges which compose each travel path.  VISSIM® seeks to find best paths 

based upon an evaluation of travel costs for each path.  Implicit within the Kirchhoff 

distribution logic is that drivers would prefer to choose paths with lower travel costs, so 

those paths would necessarily carry more volume.  In this study, the path selection type 

was decided at the start of each trip with a particular focus on choosing paths that 

presented the lowest general cost.  The path selection type ódecide repeatedlyô could have 

been chosen, however, conducting this evaluation at each node in a model this large 

would have introduced additional issues with lane changing, model latency, and 

significantly increased the time it takes to run the model.  Additionally, it is unlikely that 

motorists make decisions on a turn-by-turn basis, especially for known routes or longer 

trips.  A key component of the path selection model is the Kirchhoff exponent, which 

serves as a sensitivity factor which measures how the model responds to differences in 

the utility of a selected route.  High values of the sensitivity factor would assign all 

drivers to the óbest routeô, thus overloading the route, while low values would result in an 
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almost equal distribution for all possible routes.  Further details about the Kirchhoff 

distribution, route utility  function, and the sensitivity component are provided in Chapter 

6, which details VISSIM® Model Development.  For dynamic assignment, it was critical 

to ensure that models were in a stable state prior to running simulation models and 

obtaining results, so all the models went through convergence testing, which examines 

travel time differences between each model run.  VISSIM® goes through a process of 

learning the stochastic behaviour of the model. For the pre managed lane models (5 

A.M.- 8 A.M. and 8 A.M. - 11 A.M.), respectively, the models converged at the 80% 

level with travel times along paths not varying more than 15%.  For the set of runs 

including the managed lane, convergence occurred at the 75% level with travel times 

along paths not varying more than 15%.  With large, complex models, it is difficult at 

times to achieve convergence even at the 75% level.  There were some limitations within 

VISSIM® that allowed for no more than 19 convergence runs to be performed before 

VISSIM® would struggle reloading certain signal controller elements.  If 50 convergence 

runs could have been performed, the managed lane models may have reached higher 

convergence levels, however, there are limitations to the computer processing power and 

the ability to store 50 individual cost, path, and convergence files for each of the ten 

model runs.   

4.5.4 Dynamic Assignment Decision ï ABM and VISSIM® 

A potential consideration for this work would have been to utilize the NaviGAtor 

link speeds for general purpose lanes, toll point speeds for the managed lane, and results 

from the 203K link dynamic traffic assignment model provided within the ABM.  

However, since the purpose of this work concerns an evaluation of routing behavior in a 
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complicated environment containing 162 signalized intersections, arterials, Interstate, 

managed lanes, challenging lane configurations, and a need to compare the same network 

environment for pre and post model runs, a decision was made to utilize VISSIM® 

simulation to perform model runs.  VISSIM® allows for a direct comparison of travel 

time differences under the same lane following, dynamic assignment, time of diffusion, 

and heterogeneous tolling conditions for the post model runs.  It would have been 

diff icult, if not impossible, to utilize the impact of heterogeneous tolls on routing 

behaviour within the ABM, given the need to apply these costs on a per mile basis along 

managed lane links, which is a feature provided within a VISSIM® microsimulation 

environment.  Vehicle Record data results from VISSIM® provide speeds along each link 

at a second-by-second resolution along all links within the network.  This level of 

resolution may be superior to speeds just at specific toll points along the managed lane 

within the ABM model.  Dynamic traffic assignment within VISSIM® incorporates better 

representations of network attributes and configurations by allowing for a more tailored 

representation of signal timing and intersection controls and the ability to simulate route 

choice.  Given the ability to uniquely model large networks with signalized intersections, 

directly compare routing choice, provide speeds along each route, give travel times from 

trip origin to trip destination and along each link, and the option to place tolls per mile 

within the managed lane traffic links, VISSIM® was selected to perform the model runs 

for the pre and post conditions. 

4.5.5 Process and Layout Overview 

Prior to the development of the microsimulation model, it was necessary to utilize 

information from the Activity Based Model (Travel Demand Model) to build the network 
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within a GIS platform, ArcGIS® (version 10.7.1).  The five-minute traffic volumes and 

speeds to be used within the Origin Destination matrices within VISSIM® are generated 

within the 150k link ABM Travel Demand Model.  Therefore, the links and nodes from 

the 150k link Activity Based Model were used to develop the network.  Concurrently, the 

microsimulation model was being built within VISSIM® for the specified model 

boundaries.  Critically, all the node entry and node exit locations from the ABM, both 

internally (at intersections) and externally (Interstate and arterial roads) had to be 

identified with entry and exit locations within VISSIM®.  In VISSIM®, the origin and 

destination at each entry and exit point were modelled as parking lots.  Parking lots 

contain zones, which serve as points of origin and destination.  Traffic within the 

VISSIM® model travel from one zone to another (origin to destination), constituting a trip 

with a specific origin-destination pair.  Once these locations were identified, five-minute 

speed and volume data were generated for all entry and exit locations.  Once all entry and 

exit locations were identified, matrices were developed for each five-minute period 

analysed from (5 A.M.-11 A.M.), resulting in the development of 72 separate five-minute 

matrices that contain origin-destination trip volumes from each zone.  Some assumptions 

made regarding specific usage of geometric elements within VISSIM® are provided 

below: 

1. Data Collection points were placed near each entry and exit location to collect 

traffic flow data. 

2. Relative flows entering the VISSIM® network were taken as the following: (1.0/#) 

entry links entering the VISSIM® model).  Individuals typically behave in a way 

which mimics the minimization of the v/c ratio for their trip.  

 

3. Links and connectors within VISSIM® are set up with a 25-foot emergency stop 

distance and 1,500-foot lane change distances throughout the model as found in 

the thresholds recommended throughout the literature.  
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4. Matching of nodes between VISSIM® and the travel demand model was done 

manually, as significant geometric curvature changes between the 75k and 150k 

networks nullified the strategy of using a distance formula to match the entry and 

exit nodes. 

A description of these processes is provided in Chapters 5 and 6, which detail both phases 

of model development within ArcGIS® and VISSIM®, respectively. 

 Limitations of the Methodology 

A few limitations of the methodology are listed below.  For a large microsimulation, 

few modelling software programs are as adept as VISSIM®, but the adjustment of some 

parameters after the simulation has started would be helpful in certain cases. 

1. The time of diffusion thresholds cannot be changed in particularly congested 

areas; they must be applied universally throughout the model. Vehicles do not 

disappear after periods of intense congestion. 

 

2. Lane changing behavior in VISSIM® may not always replicate real case 

conditions as some vehicles may queue in one lane even when there is available 

capacity in an adjacent lane to make a lane change. 

 

3. Signal timings in VISSIM® cannot be modelled to dynamically change cycle 

lengths in response to dynamic increases or decreases in travel demand occur.  

This problem is not unique to VISSIM®. 

 

4. The number of convergence runs were limited by processing power and the 

tendency of the VISSIM® software to struggle with loading Signal controllers 

after run number 18. 

 

 Summary of the Methodology 

Chapter 4 provided an overview of the proposed methodology and identified the 

primary objectives and assumptions used in its development.  Research objectives, 

hypotheses, and research statements were provided along with brief descriptions of each 
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component of the methodology.  The establishment of the base VISSIM® network during 

the A.M. peak period includes discussion on the steps taken to build the network within 

ArcGIS® and VISSIM®.  The placement of geometric elements in VISSIM® was 

described along with some brief discussion on the data types that are used to perform 

simulations within VISSIM®.  Simulations were performed within VISSIM® to capture 

the route decisions and estimate travel time differences after the implementation of the 

Northwest Corridor managed lane.  Routes are selected within VISSIM® based upon the 

general costs for each trip, where the primary focus lies within the sensitivity analysis on 

toll rates per mile after the implementation of the managed lane.  Each trip route decision 

is captured through using vehicle record data, which provides information about each 

vehicle that enters and exits the model from specific trip origins and trip destination 

during the 5 A.M. ï 11 A.M. time periods.  The impacts on modelled route choice within 

a simulation are examined by quantifying differences in the total travel times under 

different tolling regimes by matching trips (with same origins and destinations) made 

both in the pre implementation model (without) the managed lane and after the managed 

lane was implemented.  Section 4.5 discussed some assumptions associated with the 

implementation of the methodology, focusing on behavioral components, signal control, 

dynamic assignment, and an overview of how the components from the travel demand 

model were built into the VISSIM® microsimulation model.  Section 4.5.4 elaborated on 

the choice to use VISSIM® as opposed to ABM to simulate pre and post model runs 

given the objectives of the study.  Behavioral components are difficult to quantify 

directly within a microsimulation environment.  The rationale for selecting specific 

values for the time of diffusion, minimum headway, and safety reduction factors were 
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discussed.  The discussion on signal control was introduced to provide context on some 

of the challenges involved with the inability to change signal timing and time of diffusion 

parameters once the simulation has started.  The section on dynamic assignment 

parameters provides an overview of the choice to use dynamic assignment, quantifies the 

path selection process, and briefly describes the function of the Kirchhoff distribution and 

the importance of the sensitivity parameter used within the VISSIM® microsimulation as 

well as a brief description of convergence criterion.  The last chapter ends with a brief 

discussion on how the Activity Based Model network was used to build the VISSIM® 

model, concluding with an explanation about how trip data from ABM is used in the 

development of Origin-Destination matrices within VISSIM®.   
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CHAPTER 5. PRE-MANAGED LANE  VISSIM ® MODEL  

 Model Development Overview 

The Northwest Corridor express lanes, completed in September 2018, added a total 

of 29.7 miles of barrier separated, reversible, tolled express lanes along I-75 from Akers 

Mill Road to Hickory Grove Road and along I-575 from I-75 to Sixes Road.  The focus 

of this dissertation is to examine whether restricted access to general purpose lane exits 

would impact driving modelled route choice after the implementation of the express lane 

and whether data output from the VISSIM® microsimulation model could be used to 

inform the development of lane choice models that address these access restrictions.  To 

model route choice before and after the implementation of the Northwest Corridor 

Express Lane, it was necessary to understand where vehicle trips were entering and 

exiting the network during the A.M. peak hours.  The Atlanta Regional Commission 

(ARC) developed an Activity Based Travel Demand Model (ABM) which provides 

household level trip data for a 150,000-link network of Atlantaôs highway system.  The 

geographical information system (GIS) boundaries of the project network were extracted 

from the 2020 ABM model into a GIS mapping software, namely, ArcGIS® (version 

10.7.1).  The internal and external entry and exit points into the model were identified by 

capturing all the locations (nodes) where trips enter and exit the model within the 

specified time periods (5 A.M. - 11 A.M.). Once the vehicle trips entering and exiting the 

model were quantified, Python script was used to transform the trip data into Origin-

Destination matrices that capture vehicle trips every five minutes throughout the study 

corridor.  Further details are provided in subsequent sections about the 2020 ABM Travel 
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Demand Model setup and usage, the development of project model boundaries, the model 

building process within ArcGIS®, and discussions on data collection and generation.  

Chapter 5 focuses on the model development process prior to incorporation into the 

VISSIM® microsimulation, while Chapter 6 describes model development within 

VISSIM® after the implementation of the Northwest Corridor managed lane. 

 Overview of 2020 Activity Based Model (ABM ) 

Activity based modeling allows for an analysis of household level and person level 

attributes by incorporating the socioeconomic and demographic characteristics of 

individual households. Decision-makers in the model system include both people and 

households.  These decision-makers are created (synthesized) for each simulation year 

based on tables of households and persons from 2010 census data and forecasted TAZ-

level distributions of households and persons by key socio-economic categories.  These 

decision-makers are used in the subsequent discrete-choice models to select a single 

alternative from a list of available alternatives according to a probability distribution.  

The probability distribution is generated from a logit model which considers the attributes 

of the decision-maker and the attributes of the various alternatives.  As noted by 

Davidson (29), the ARCôs Activity Based Model is based upon the Coordinated Travel 

Regional Activity Based Modeling Platform (CT-RAMP®), which includes a full 

simulation of travel decisions for discrete households and persons; explicit tracking of 

time in half-hourly increments and use of time constraints on the generation of travel, as 

well as explicitly modelled intra-household interactions across a range of activity and 

travel dimensions.  While the intricacies of the architecture of CT-Ramp are beyond the 

scope of this work, it should be noted that the CT-Ramp activity-based microsimulation 
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component of the ABM model is implemented in Java and uses a Java Processing 

Framework and an open-source library to manage the distribution of tasks (29).   

While there are other components of the ABM model components, they are 

mentioned only briefly here since the outputs (trip data) of the ABM model, governed by 

CT-Ramp, are used to develop Origin-Destination matrices within the VISSIM® 

microsimulation model.  The Common Modeling Framework (CMF) is an open-source 

library used to implement advanced travel demand forecasting models.  This software 

specifies different alternatives, nesting structures, utilities, and data within a utility 

expression calculator with the goal of building a logit model from the data provided.  The 

ARC also continuously updates any changes in market definitions and the outputs of the 

utility expression calculator to dynamically adjust to changing behaviors of individuals 

and households over time (30).  

5.2.1 CT-RAMP® Model 

The Atlanta Regional Commission identified five major components of its CT 

Ramp Model, namely, synthetic population, long term choice models, daily activity 

patterns, tour mode, and trip mode choice leading to eventual route choice.  

5.2.2 Population Synthesizer 

The population synthesizer uses information from the census and the land use 

model and generates a detailed synthetic population consistent with land use forecasts.  

The synthetic population includes a record for each household in the region, including the 

number of people, age, size, income, number of workers, and number of children for each 
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household.  The population synthesizer takes census data from the Public Use Microdata 

Sample (PUMS) and zonal level and regional marginal distributions of household by 

various characteristics.  These distributions are used as controls or targets which the 

synthetic population attempts to match as closely as possible.  The activity-based travel 

demand model can then predict travel throughout the 21 County region at a household 

level (30).   

5.2.3 Long Term Choice Models 

There are four long-term choice models, which include Work from Home Choice, 

Mandatory Activity Location Choice (work location), Car Ownership, and Free Parking 

Eligibility.  The model form of the Work from Home choice model is multinomial binary 

logit with the decision-making unit being workers.  This model predicts whether a worker 

works from home or has an out-of-home work location from survey data.  The survey 

respondents were asked about their work address with the options of fixed (non-home), 

home, or variable.  The respondents who chose ñhomeò were considered as the work-

from-home workers.  This model is applied for employed people in the synthetic 

population.  In the work location, model output the work-from-home workers will have a 

WorkLocation field populated with a value of 9999 (30).  The explanatory variables 

included in the work-from-home model includes person level and household level 

demographic variables and auto and transit accessibility variables.  While the work from 

home model would seem to have little relevance to our study, the number of people 

working from home should be considered given many workplaces still offer a hybrid 

model which allows for employees to work from home for part of their week, thus 

impacting the number of home to work trips in any given regional network, thus 
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removing the choice of using a managed lane network as more work is done remotely.  

The model form of the Mandatory Activity Location Choice Model is multinomial logit. 

This workplace location choice model assigns a workplace TAZ for every employed 

person in the synthetic population who has an out-of-home work location.  Every worker 

is assigned a regular work location TAZ according to a multinomial logit destination 

choice model (30).  The explanatory variables found to be significant were the cost of 

travel for each travel mode, distance, household income, work status, area type, retail 

accessibility at workplace location, high- or low-density urban areas for origin or 

destination, and size term (30).   The size terms vary according to worker occupations, to 

reflect the different types of jobs that are likely to attract white collar or blue-collar 

workers.  Accessibility is measured by a representative mode choice logsum based on 

peak period travel (A.M. departure and P.M. return), as well as distance to the workplace. 

The mode choice logsum represents the total ease of travel between two zones across all 

available modes (30). 

Since mode choice logsums are required for each destination, a two-stage 

procedure is used for all destination choice models in CT-RAMP® to reduce 

computational time.  In the first stage, a simplified destination choice model is applied in 

which all zones are alternatives.  The only variables in this model are the size, term, and 

distance.  A probability distribution for all possible alternatives except zones with no 

employment.  A set of alternatives are sampled from the probability distribution, and 

these alternatives constitute the choice set in the full destination choice model. Mode 

choice logsums are computed for these alternatives and the destination choice model is 

applied. A workplace TAZ is chosen for each worker from this more limited set of 
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alternatives. There are also model options for grade school and university students, 

however, those parameters are not discussed as the focus of this work is home to work 

trips during the AM peak hours (30). 

The number of home to work trips would be affected by the availability or 

ownership of a vehicle for travel.  The Car Ownership model takes the form of a nested 

logit model which predicts the number of vehicles owned by each household.  Four 

alternatives are provided within this model, namely, whether a household owns zero, one, 

two, or three or more cars.  The size and composition of the household, number of 

drivers, household income, auto and transit accessibility, rail accessibility for students 

and workers, and auto dependency for workers.  Auto and transit accessibility take the 

form of destination choice logsum variables (30).  These variables represent the total ease 

of travel from the residence zone to all possible destinations, respectively using auto 

modes and transit modes.  This type of accessibility measure is preferred over measures 

based solely on travel time or distance because they incorporate multiple indicators of 

level of service, including cost.  Worker auto dependency is a measure of auto 

accessibility relative to transit accessibility, specifically for the workplace destinations of 

workers in the household.  It is computed as the sum, across all workers in the household, 

of the difference between auto and transit mode choice logsums. Increasing values 

indicate worsening transit accessibility (in relative terms) and therefore higher likelihood 

of owning multiple cars.  Lastly, the free parking eligibility model takes the form of a 

multinomial logit model that predicts drivers traveling to areas where parking is not free 

have access to free parking.  The model assumes that people who park for free are aware 

of the availability of free parking prior to the beginning of their trip.  The parking 



118 

 

eligibility model is placed upstream of the destination and mode choice models so that 

these choices can be informed by the availability of free parking. 

5.2.4 Activity Pattern and Touring Models 

The third component of the CT Ramp® are the Activity pattern and touring 

models which generate daily activity patterns and individual tours (series of trips) by trip 

purpose for a synthesized population.  Daily activity patterns are separated into 

mandatory, non-mandatory, and at home patterns.  Mandatory patterns include at least 

one of three mandatory activities, such as work, home, or school.  Non-Mandatory 

patterns do not include travel for mandatory activities, while at home patterns refer to 

only in home activities.  The decision-making unit for daily activity pattern model is the 

household.  These activity pattern models take the form of a multinomial logit model 

which uses daily activity patterns as the independent variable, while the person and 

household characteristics, accessibility measures, and the intra household interaction 

terms are the explanatory variables.  Touring models predict the number and purpose of 

tours for each person, destination, and time of day choice.  A tour is defined as a series of 

trips beginning and ending at home or work.  These are home-based trips with primary 

origins and destinations, which allow for intermediate stops if necessary.  Several types 

of touring models are used within the ABM model including individual mandatory tours, 

joint tours, individual non mandatory tours, and at work sub tours (30).   
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5.2.5 Individual Mandatory Tours 

The home to work trips are defined as mandatory activities within the ABM 

activity type segmentation topology, so abbreviated discussion on the individual 

mandatory tour frequency model and the individual mandatory time of day choice models 

are discussed for the sake of brevity (30).   

5.2.5.1 Individual Tour Frequency Model 

The Individual Mandatory tour frequency model takes on the form of a multinomial 

logit function with five possible alternatives as shown below: 

1. One work tour 

2. One school tour 

3. Two or more work tours 

4. Two or more school tours 

5. One work tour plus one school tour (30) 

These tours are generated at the person level, which represents the decision-making unit.  

The model seeks to predict the exact number and purpose of mandatory tours for each 

person exhibiting a particular activity pattern.  In the case of our study, one work tour 

would be the most relevant tour to consider as the VISSIM® simulation does not 

accommodate intermediate stops after leaving home (like dropping children off at school) 

before arriving at work.  Since the Coordinate Daily Activity Pattern type model chosen 

at the household level determines which household members engage in mandatory tours, 

all persons subjected to the individual mandatory tour model would take at least one 
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mandatory tour (30).  The explanatory variables that relate to household composition, 

income, car ownership, work location, land use development, residential density, 

employment density, accessibility factors are used to estimate the number of work trips 

(tours) taken. 

5.2.5.2 Tour Time of Day Choice Model 

The individual mandatory tour time of day choice model takes the form of a 

multinomial logit function which estimates the combinations of tour departure and arrival 

times as a function of household and personal characteristic and network level of service.  

There are potentially 1,176 possible combinations of tour departure and arrival half hour 

periods as the ABM model functions at a temporal resolution of 30 minutes.  Some 

transformation of this data was needed to achieve a more robust temporal resolution of 

five-minute data.  Those details are explained in Section 5.4 which elaborates on the data 

collection process.  The model utilizes household, person, and zonal characteristics, most 

of which are generic across time alternatives. However, network LOS variables vary by 

time of day, and are specified as alternative-specific based on each alternativeôs departure 

and arrival time (30).   

Within the structure of the CT-RAMP® model, the time-of-day choice model is 

placed after destination choice, but prior to mode choice. Therefore, the origin and 

destination attributes are used as variables to estimate the combinations of tour departure 

and arrival time back home. The choice alternatives are formulated as tour departure from 

home/arrival at home half-hour combinations (g,h), and the mode choice logsums and 

bias constants are related to departure/arrival periods (s,t). Tour duration is calculated as 
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the difference between the arrival and departure half-hours (hīg) and incorporates both 

the activity duration and travel time to and from the main tour activity, including any 

intermediate stops (30). 

The tour Time Of Day choice utility has the following general form: 

 

           (9) 

            

 

where, Vg ,Vh = departure and arrival time-specific components, Dhīg = duration-specific 

components, m = entire-tour modes (SOV, HOV, walk to transit, drive to transit, non-

motorized), Vstm = mode utility for the tour by mode m, leaving home in period s 

(containing half hour h) and returning home in period (containing g) and ɛ= mode choice 

logsum coefficient. 

While this study focuses on travel times from 5 A.M. - 11 A.M. for five-minute trip data 

within a microsimulation, the default Time of Day choice model rounds reported 

departure and arrival times to the nearest half hour.  Some transformations of the data 

were needed to achieve the appropriate resolution and are discussed in Section 5.4. 

5.2.6 Practitioner View - Limitations of the Activity Based Model (ABM) 

There is a perception that activity-based models represent an advantage over trip-

based models by analysing patterns of behaviour, but many practitioners view its 

adoption as cost prohibitive.  Another limitation is simply hiring staff who can 

understand all the technical details of how activity-based models work and interpret 

results quickly and efficiently.  During the onset of the COVID-19 pandemic, the 

assumptions underlying many activity-based models may need to be reconsidered.  While 

activity patterns are built in an activity-based model, there is a restriction on how trips are 
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organized during the day given a thirty-minute resolution for departures and arrivals.  

While further resolution may be cost prohibitive, travel demand often changes over much 

shorter time intervals, potentially at sub five-minute intervals, especially during the peak 

travel hours of the day and events that precipitate a change in travel demand.  

Transformation of the trip data was necessary to achieve a more appropriate resolution 

for shorter time intervals to account for changes in travel demand.  While no model can 

fully predict human behaviour, it is important to recognize that COVID 19 may have 

changed the way people choose to travel due to greater acceptance of working from 

home.  The advent of teams and zoom meetings from home and advanced software that 

allows for collaboration with colleagues in real time may become a permanent shift.  If 

more people work from home and travel less, the fundamental assumptions underlying 

activity-based models be modified to address such changes.  It may be challenging to 

schedule the activities of individuals and households on a daily or weekly level.  Activity 

models utilize the terminology of ómandatory activityô as it relates to a home to work trip.  

While this assumption may appear innocuous, priorities often change for situations such 

as taking care of elderly parents who have fixed time periods for doctor appointments or 

making sure that a child is picked up from day-care at a fixed time to avoid additional 

fees.  The last two examples are generally defined as non-mandatory activities within an 

activity-based model, but there may be a paradigm shift where flexible work schedules 

may make the definition of a home to work trip much less ómandatoryô. 

 Model Boundary Development 

Model boundaries were developed to capture the routes that would account for 

most of the traffic flowing through the study area.  It was necessary to expand model 
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boundaries westward to Atlanta Road and eastward to Canton Road as these areas 

contribute significant traffic and serve as major arterials along the study corridor.  One 

key objective is to model any changes in total travel times for specific origin-destination 

trips, with a particular focus on those trips that use the Northwest Corridor managed lane.  

Arterial travel time may represent a larger percentage of trip travel time for longer home-

to-work trips during the AM rush hour periods.  Two considerations informed the model 

development process, namely the desire to capture routes which are most likely to carry 

traffic entering or exiting the managed lane, and an allowance of a more comprehensive 

assessment as to whether total travel times changed from trip origin to trip destination 

after the implementation of the managed lane under various toll penalties.  The primary 

objective of this study is to analyze how location differences and potential arterial travel 

time differences resulting from new dedicated access points to and from the Express Lane 

may impact modelled route choice from trip origin to trip destination before and after the 

implementation of the Northwest Corridor managed lane during the A.M. peak hours.  

These new dedicated access points may impact the choice to use a managed lane, 

especially if motorists expect increased or reduced travel costs for their trip due to the 

proximity of the dedicated access points to the driversô trip origin.  The map of the 

Northwest Corridor managed lane is shown below in Figure 7 with access points shown 

along I-75 and I-575 (2).   
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Figure 7: Northwest Corridor Project Map  (2) 

Along I-75 SB, there are access points where traffic can enter or exit the managed lane 

just north of Hickory Grove Road, Big Shanty Road, Roswell Road, Terrell Mill Road, 

and just north of Akers Mill Road where traffic can exit the managed lane.   
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5.3.1 ArcGIS® 10.7.1 Overview  

ArcGis® (version 10.7.1) is a GIS tool used to store, query, analyse, and allow for 

a wide range of information processing, including data manipulation and analysis.  This 

study utilized the ArcGIS Desktop, which is comprised of three applications used to 

model the network, namely ArcMap®, ArcCatalog®, and ArcToolbox®.  ArcMap® is used 

to create maps, query attributes, and analyse spatial relationships.  ArcCatalog® organizes 

spatial data and allows for the management of metadata.  ArcToolbox® allows for data 

conversion and manipulation, geoprocessing, and map projections. Shape files and layers 

were added within a geodatabase, which stores the vector data used in this study.  Vector 

data refers to points, lines, and polygons used to represent real features on the earthôs 

surface through the geometric coordinates AX, AY, BX, and BY.  The Atlanta Regional 

Commission (ARC) provided the node and link layers from their 2020 Activity Based 

Travel Demand Model (ABM) as well as shape files showing the locations of Traffic 

Analysis Zones (TAZ).  This information was used to generate a network map within 

ArcGIS®.  The 2020 ABM model containing more than 150,000 traffic links from a 21 

County area was trimmed to reflect the model boundaries (external and internal entrance 

and exit points) used for this study.  Internal boundaries refer to entry and exit points at 

intersections, while external boundaries refer to entry and exit points occurring at the 

outer boundaries of the model that have been trimmed.   

5.3.2   ArcGIS® 10.7.1 Data Types 

Links and nodes were the primary geometric elements used to build the study 

network within ArcGIS®.  However, for each element, significant amounts of data were 
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provided within the Activity Based Travel Demand Model. Only the most important data 

types used are discussed, as a comprehensive assessment of all data types would be 

unfruitful.  Brief descriptions of the most important data types are taken from the ABM 

data dictionary, which defines the data outputs that are provided from the ABM Travel 

Demand Model.   

In short, links are defined as line segments with a beginning node and ending 

node.  Traffic travels on a link and through the beginning and ending nodes, denoted as A 

and B, respectively.  Please note that B can serve as a beginning node as the primary 

factor is the direction of travel.  Links are setup within the model to be bidirectional, 

particularly along roads and arterial routes.  Geometric coordinates AX, AY, BX, and BY 

are used to define the locations of the nodes at both ends of each link within the ABM 

model.  ArcGIS® uses a coordinate system to display, measure, and transform geographic 

data.  In this study, the WGS 1984 coordinate system is specified within the input 

coordinate system used for data projection.  The length of the link is represented as a 

distance tabulated in miles. Of vital importance is the information on the vehicle volumes 

during the A.M. peak periods, which are split up by vehicle type and person occupancy.  

The name of the county where the link is located, facility type, the number of lanes, the 

name of the road, and a plethora of other information such as the average speed during 

the A.M. and P.M. rush hours, and even the estimated Volume/Capacity ratios for the 

roadway are provided.  A data sample from ArcGIS® is provided in Figure 8 for a 

roadway link along Ridgewalk Parkway. 
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Figure 8: Link Data -Ridgewalk Parkway 

Nodes are represented as single points with specific X and Y coordinates.  As shown 

below in Figure 9, the highlighted node has a specific node type that defines it as a road 

node, node id, shape classification, and most importantly, defined X and Y coordinates. 

 

Figure 9: Node Data- Ridgewalk Parkway 

Centroids are nodes which are placed within a traffic analysis zone and linked to 

the roadway network through centroid connectors within an Activity Based Model.  
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Centroid nodes are typically used to represent traffic analysis zones, where trips begin 

and end within a travel demand model.  However, centroids represent more of an 

aggregation of traffic origins and destinations within a TAZ and are theoretically 

expected to contain no traffic within an Activity Based Model. Centroids and centroid 

connectors were considered for use within the VISSIM® traffic simulation but were 

shown to congest traffic and increase travel times within the VISSIM® microsimulation 

along the mainline, as they were located in areas which had a high density and closely 

spaced intersections and would impact estimates of Origin-Destination travel times by 

arbitrarily increasing traffic density and queuing along the mainline routes.  Within the 

VISSIM® microsimulation, there was no way to model centroid connector links with 

unlimited capacity, so they were removed from the analysis as they would theoretically 

carry no traffic within an activity-based model.  Current research is underway at the 

University of Texas to address the incorporation of centroids into microsimulation 

models by examining how to load and allocate traffic demand for small networks, but no 

current research studies are known which address this issue on a macroscopic level for a 

large network with a high density of signalized intersections.  The model layouts in 

VISSIM® and ArcGIS® shown in Figure 10 was built using GIS layers from the ARCôs 

ABM Travel Demand Model.  The ABM Travel Demand Model was comprised of 

Interstate, arterial, and managed lane Links.  Both models are built with the same 

representative boundaries.  
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Figure 10: Model Layouts in VISSIM ® and ArcGIS®  

5.3.3 Data Collection ï Travel Demand Model 

To develop Origin-Destination matrices within the VISSIM® traffic simulation, it 

was necessary to collect trip data from the 150,000 trips traveling through each of the 482 

nodes, 7838 traffic links, and 118 unique zones from 237 parking lots which are found 

within the VISSIM® model boundaries. These external and internal nodes include all 

locations where traffic would have entered and exits the ABM Travel Demand model. 
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Trip data from both the external nodes at the outer boundaries and internal boundaries at 

each of the 162 intersections were necessary to achieve a holistic picture of how traffic 

flowed through the network during the A.M. periods of analysis from (5 A.M.-11 A.M.), 

with times split between 5 A.M. - 8 A.M. and 8 A.M.-11 A.M.  These time periods were 

split into two three-hour sections to reduce the size of output files and reduce processing 

and run times needed to calculate travel times for trips traversing 13,924 unique o-d pairs 

(118 unique zones) within VISSIM®. 

At intersections, it is reasonable to assume that traffic entering the model from 

internal boundary points (edges of intersections) would impact the model, while traffic 

which exits the model would not have subsequent impacts on traffic flow within the 

network since that represents traffic exiting the model.  Critically, the most important 

component of the data collection process was to know the number of trips entering and 

exiting the model at all entry and exit locations from origin to destination.  Further details 

about the origin-destination matrix development are provided in Chapter 6, which 

discusses the model development process within VISSIM®. 

5.3.4 Data Collection Process 

There were some challenges to overcome within the data collection process.  Firstly, 

in the CT-RAMP® model component of the ABM travel demand model, the individual 

tour time of day choice model takes the takes the form of a multinomial logit function 

which estimates the combinations of tour departure and arrival times as a function of 

household and personal characteristic and network level of service.  There are potentially 

1,176 possible combinations of tour departure and arrival half hour periods throughout an 
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entire day as the ABM model functions at a temporal resolution of 30 minutes (31). 

Transformation of this data was needed to achieve a more robust temporal resolution of 

five minutes.  Secondly, it was important to know the trip progression from the 

timestamp at each node, from trip origin to trip destination.  The following data were 

provided for each trip throughout the network after the ABM Travel Demand model runs, 

as shown below (31):     

1. TripOccupancy: HOV2, HOV3, or SOV 

2. hh_id: Household ID 

3. person_id: Person ID.  Persons are unique in terms of a combination of HH ID 

plus person ID.   

4. tour_id: Tour ID - not so useful. See trip ID below. 

5. org_taz: Origin TAZ ID. 

6. dest_taz: Destination TAZ ID. 

7. depart_period_id: The period ID of departure time (from 1 to 48).  Every period is 

30-minutes long. 

8. depart_period: The departure period represents the beginning and ending 

timestamp for each trip. 

9. num_participants: Number of participants (travelers). 

10. trip_id: Trip ID.  Unique Id for each individual trip 

11. trip_mode_name: The trip mode name embedded in ARC. 

12. travel_time: The trip travel time (including the origin and destination terminal 

time) in minute. 

13. distance: Trip distance (miles). 

14. origin_terminal_time: The terminal time (in minute) at the origin TAZ.  The 

terminal time refers to the time that the traveler takes to leave the origin before 

going to the first node  

15. destination_terminal_time: The terminal time (in minutes) at the destination TAZ 

(e.g., from the roadway to a restaurant). 

16. departure_timestamp: The exact departure timestamp (generated using the 

randomization algorithm).  Please note this can fall outside the departure period 

due to the trip chain constraints (we talked about that before). 

17. trip_traversed_nodes_id(semicolon): The list of all the nodes (semicolon as 

delineator) that are traversed in the order of travel. 

18. traversed_Timestamps(semicolon): The list of the timestamps when each node is 

traversed that corresponds to the node list (in the same sequence).  Semicolon as 

delineator again (31). 
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When the destination terminal time and origin terminal time are added together, the time 

at which the trip traverses the first node can be found in the traversed timestamp field.  

Since the timestamp when trips cross each node is known, trip progression through the 

network can be established (31).   

5.3.5 Node Matching 

To prepare the data for inclusion within an Origin-Destination matrix within 

VISSIM®, it was necessary to match nodes from two disparate networks.  Originally, the 

VISSIM® microsimulation model was built using topology from a 75K link ABM Travel 

Demand Model provided by the Atlanta Regional Commission.  As the models were 

being built, the Atlanta Regional Commission discarded their original 75K link model for 

an updated ABM 2020 model that had 150K links.  Since the original VISSIM® 

simulation was built utilizing node and link definitions from the original 75K model, a 

matching network reconciliation process was needed to match nodes between both 

models.  Unfortunately, the A and B coordinates for most of the nodes and links changed 

due to the model update.  Additionally, the 150K model offered improved visualization 

and greater geometric consistency in terms of roadway geometry.  The initial effort 

involved finding the distance between (X, Y) coordinates with the assumption that nodes 

could be matched in situations where dxdy<10 feet.  As this matching strategy was used, 

there were many instances where the matching criteria provided false matches since the 

difference in curvature between the models was significant.  The model geometry for the 

150K model was far superior to the 75K link model, which utilized more straight-line 

links to characterize the roadway network and road curvature.  Therefore, to match nodes 

between the models, the 75K links and nodes were added as active layers within ArcGIS® 
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and overlaid with the 150K model.  Node matching was performed for all internal and 

external boundary points through manual examination and the use of Google maps and 

raster images.  The X, Y coordinates were estimated by zooming into the end of model 

links at the greatest extent within ArcGIS 10.7.1.  The differences in geometry were 

significant between the 75K and 150K models, however, the internal and external 

boundary entry and exit nodes from each network were matched.  Python script was then 

written to search for trips that crossed those boundary nodes.  In identifying the time that 

trips entered and exited the network at each node, Origin-Destination matrices were 

developed within the VISSIM® microsimulation at the appropriate temporal resolution of 

five minutes.  

 Data Transformation Process ï ABM  Data  

A data transformation process was conducted prior to each of the ABM Travel 

Demand Model runs.  This work was done by Dr. Hongyu Lu, who serves as a senior 

PhD researcher under the direction of Dr. Randall Guensler.  The descriptions of the data 

transformation process, namely, the trip departure timestamp generation, are summarized 

based upon discussions that were conducted with Dr. Hongyu Lu.   

As described in the CT-RAMP® model component of the ABM Travel Demand 

Model, each trip predicted by ABM within a half-hour bin.  The goal is to assign a 

departure time on a one-minute basis. The predicted trip information includes the trip 

departure time by period at half-an-hour intervals, as well as travel time (minutes), travel 

distance (miles), origin terminal time (the time it takes for the individual enters the 

network (minutes), destination terminal time (the time it takes for the individual to leave 
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the roadway network until the individual arrives at the destination, in minutes and trip 

purpose.  For this work, we are only concerned with commuting trips from home to work 

from 5 A.M.-11 A.M.  The departure time distribution should be modelled separately by 

trip purpose and time of day.  Departure times follow a distribution across the time of day 

due to a patterned travel demand, particularly during the morning peak hours.   

To generate a trip departure timestamp at the one-minute level, the probability 

density function of trip departure times by travel purpose by adopting natural cubic spline 

interpolations.  A randomization algorithm was used to generate a trip departure 

timestamp at the one-minute level.  Trips are generated and allocated to trip chains 

(tours) in the ABM output, where the departure of next trip cannot precede the original 

trip, and the trip chain constraints were accounted by making sure that trips within the 

same chains occur in correct sequences.  Every trip in a trip chain is constrained in two 

ways (forward and backward): a new trip cannot start until the last trip is finished (a trip 

is finished at the timestamp that equals to the departure timestamp plus its travel time), 

which sets the early bound of the departure timestamp (forward checking), and a trip 

must finish before a particular timestamp so that the next trip can start at its allocated 

period (half-an-hour slot), which sets the late bound of the departure timestamp 

(backward checking).  All trip chains were examined to generate the early bounds and 

late bounds for each trip, and every trip was confined to departure only in the legitimate 

period between the early and late bounds. 

The trip departure timestamp randomization is based on the trip departure period 

and within the constraints of trip chains.  Two iterations were performed for every trip 

chain to generate the early bounds and late bounds for all trips, respectively.  The forward 
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checking generates the early bounds in a sequence from the first trip to the last trip in a 

chain (from trip 1 to trip n), as shown in (10), and the backward checking generates the 

late bounds in a sequence from the last trip to the first trip in a chain (from trip n to trip 

1), as shown in (11). 

Ὁὄ
ὖὛ Ὥ ρ

ὓὃὢὖὛȟὉὄ ὸ Ὥ ςȟσȟȣȟὲ
 (10) 

ὒὄ
ὖὉ Ὥ ὲ

ὓὍὔὒὄ ὸ ȟὖὉ Ὥ ςȟσȟȣȟὲ
 (11) 

where Ὁὄ is the early bound for trip Ὥ, ὒὄ is the late bound for trip Ὥ, ὖὛ is the start 

timestamp for the departure period of trip Ὥ (e.g., 8:00 A.M. if the departure period is 8:00 

A.M. to 8:30 A.M.), ὖὉ is the end timestamp for the departure period of trip (e.g., 8:30 

A.M. if the departure period is 8:00 A.M. to 8:30 A.M.), and ὸ is the travel time of trip 

ὸ.  The exact departure timestamp is then generated using the randomization algorithm.  

The summation of the destination terminal time and the trip origin terminal time denote 

the time at which the vehicle traverses the first node. 

  Summary of Model Development within ArcGIS® 

Chapter 5 focused on the setup of the ABM Travel Demand Models within an 

ArcGIS 10.7.1 framework, the establishment and development of internal and external 

model boundaries, the model building process, and brief discussions on data collection, 

generation, and transformation.  Section 5.2 explained that the Activity Based Travel 

Demand Model is based upon the CT-RAMP® model, which simulates travel decisions 

for discrete households and intra household interactions across a range of activity and 
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travel dimensions.  Section 5.2.1 described the five primary components of the CT-

RAMP® model, namely the synthetic population, long term choice models, daily activity 

patterns, tour mode and trip mode.  Section 5.2.3 elaborated upon the importance of the 

Mandatory Activity Location Choice Model which assigns a workplace TAZ for every 

employed person who has an out-of-home workplace location.  Home to work trips were 

viewed as mandatory activities.  This multinomial logit destination choice model is 

described by the following explanatory variables, namely, cost of travel, distance, 

household income, work status, area type, retail accessibility, and density of the urban 

area (both home and workplace).  While home-to-work trips are allowed to have 

intermediate stops within the ABM travel demand model if needed, the VISSIM® 

microsimulation is not designed to account for additional dwell times during trip 

chaining.  A brief explanation of the Tour Time of Day Choice Model is provided in 

Section 5.2.5.  This model estimates the combinations of tour departure and arrival times 

as a function of household and personal characteristics and the network level of service.  

Section 5.2.6 elaborated upon some limitations of the Activity Based Model, where the 

cost, hiring of staff, and the need for better data resolution without having to employ the 

use of probability density functions to generate an acceptable departure time estimation.  

Trip based models may be easier to use but may not incorporate various activity patterns 

into their estimate of trip assignment.  There may be concerns with the ability of activity-

based models to adapt to activities that are scheduled in advance and when activity 

patterns change drastically, as in the case of the COVID 19 pandemic.  The model 

boundary development process was briefly described in Section 5.3 and was based upon 

the desire to capture routes that may carry traffic that enters or exits the managed lane.  
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By allowing for more spatially separated trip origins and destinations throughout the 

network, a more comprehensive assessment can be made about any induced changes in 

total travel time.  The description of data types used were provided in Section 5.3.2 along 

with illustrated examples from Ridgewalk Parkway and Northside Drive, as well as a 

depiction of the Model Layout within ArcGIS®.  Section 5.3.4 described challenges 

associated with the data collection process, namely, addressing the temporal data 

resolution of 30 minutes and the need to generate a departure time timestamp to analyze 

trip progression throughout the network from the origin node to the destination node.  

Section 5.3.5 defined the Node matching process needed to match nodes between the 

75K and 150K link ABM Travel Demand Models.  The assumption that dxdy<10 ft 

would serve as an appropriate matching criterion was not valid due to the significant 

differences in roadway geometries between both models.  Lastly, Section 5.4 provided 

the process used to transform ABM data to generate a departure timestamp for all trips in 

the model at one-minute levels of resolution.  Probability density functions of trip 

departure time were generated using cubic spline interpolations.  The forward and 

backward checking processes were described, showing how early and late bounds are 

generated for each trip within the randomization algorithm.  Chapter 5 concludes with a 

summary of the model development process within the ArcGIS 10.7.1 environment, 

while Chapter 6 describes the model development process used to build and simulate 

traffic data within VISSIM® after implementation of the Northwest Corridor managed 

lane. 
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CHAPTER 6. VISSIM ® MODEL DEVELOPMENT  

 VISSIM ® Model Overview 

VISSIM® is a microsimulation tool which models individual trips in the traffic stream 

from defined trip origins and trip destinations for large networks.  VISSIM® simulations 

for both the pre and post implementation scenarios (with and without the Northwest 

Corridor managed lane) were evaluated for weekday A.M. peak hour traffic conditions.  

The required roadway links, connectors, and other geometric elements were redrawn on 

top of the aerial photography.  Additionally, field visits to study locations were 

performed to ensure compatibility with the aerial mapping and network layout within 

VISSIM®.  The model building process within VISSIM® includes the description and 

usage of geometric elements, model layout, and the process of developing the origin-

destination matrices are explained in Section 6.2.  VISSIM® allows for the development 

of an Origin-Destination Matrix, which ingests five-minute volume data taken from 

ARCôs Activity based Traffic Demand Model to model trip volumes throughout the 

network.  The origin-destination matrices include volume data, namely, the number of 

trips traveling from each origin and destination between 5 A.M. ï 11 A.M.  Once the 

matrices have been developed for each five-minute bin within VISSIM®, the behavioral, 

dynamic assignment, lane changing, cost function, and car following parameters are 

established prior to the simulation runs.  The mathematical foundations underlying the 

Travel Cost Function and Car Following models within VISSIM® are discussed in 

Section 6.3.  The developed network model within VISSIM® contains 162 intersections, 

237 parking lot locations (which contain 118 origin and destination zones), and more than 



140 

 

7838 unique links which comprise the 29.7-mile Northwest Corridor managed lane, 

Interstate, arterials, and local roads surrounding the Northwest Corridor managed lane 

along I-75 and I-575.  VISSIM® was used to simulate the traffic flow through the 

network to address the following research questions explicated within this study:     

¶ To analyze how location differences and potential arterial travel time differences 

resulting from new dedicated access points to and from the Express Lane may 

impact the modelled route choice and total travel time from trip origin to trip 

destination before and after the implementation of the Northwest Corridor 

managed lane. 

 

¶ To explain how the data output from the VISSIM® traffic simulation addresses 

how new dedicated access points (left entry and exit points from the Express 

Lane) can be incorporated into future tolling models.  

To estimate whether the implementation of the Northwest Corridor managed lane impacts 

modelled route choice, the vehicle travel times in both the pre and post managed lane 

VISSIM® simulation models are compared after toll penalties of $0, $.20, $.50, and $1.00 

per mile are applied along managed lane links.  A total of eight post managed lane model 

runs (one model run for each toll rate) are created for both the 5 A.M. - 8 A.M. and 8 

A.M.-11 A.M. time periods.  The travel times from the post managed lane model runs are 

compared to the two pre implementation model runs (without the managed lane) for the 

same time periods to assess any changes in modelled route choice.  Section 5.3 discusses 

the mathematical foundations underpinning the Car Following Model, Lane Changing 

Model, and addresses the assumptions surrounding parameter selections for traveler 

behavior, and lane changing.  Section 6.4 provides an overview of the dynamic 

assignment process, while Section 6.5 describes the data collection and data 

transformation.  
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 Model Building ï VISSIM ® 

There are several elements used in the building of the VISSIM® microsimulation 

model including Links, Connectors, Nodes, Parking Lots, Data Collection points, reduced 

speed areas, and intersections.  Each element is defined briefly here in the context of their 

usage within VISSIM®.   

6.2.1 Links and Connectors 

Links carry traffic within the VISSIM® model, while connectors must be attached 

to links at either end to be added to the network.  In Figure 11, the two highlighted 

sections near the intersection of Canton Road (NB/SB) and Piedmont Road (EB/WB) 

represent links. There is a small section between links that represent a connector, which 

connect links to one another.  Connectors tie links together when traffic merges, splits, or 

crosses (32).   

 

Figure 11: Links and Connectors 
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Figure 12: Links  

Links contain a significant amount of information, however the link number, number of 

lanes, link length, lane width, and behaviour type are shown in Figure 12.  Display type 

and level are default parameters that control how the links are visually displayed.  There 

are options under the tab entitled Meso to set whether the type of speed model to be used, 

which would be vehicle based given the objectives of this study.  The display tab allows 

for the opportunity to establish settings for modelling in a 3D environment, while the 

others tab contains evaluation parameters, any cost or surcharges associated with using 

this link and settings for look ahead distance.  These parameters are defined specifically 
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in the evaluation, dynamic assignment, and lane changing parameter settings for the 

model.  Figure 13 provides information about the connector including behaviour type, 

display type, notation about the link numbers and positions being connected, the number 

of lanes, connector length, spline or curvature of connector, and route parameters that are 

defined within the lane changing parameters of the model.  The lane change, meso, 

display, dynamic assignment, and other tabs are the same as referenced above (32).   

 

Figure 13: Connector Information 
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6.2.2 Nodes 

Nodes (square rectangular boxes) are generally used to evaluate intersections, 

namely the amount of traffic entering or exiting an intersection during the given time 

periods of analysis.  As shown below in Figure 14, a node boundary is depicted as a 

square box that encapsulates all turning movements at an intersection.  Nodes are also 

placed at the ends of every entry and exit point in the VISSIM® where vehicles enter and 

exit the model (32).   

 

Figure 14: Node Information at Cobb Place Boulevard and Barrett Lakes 

Boulevard 

Figure 14 provides a typical node setup at the middle of the intersection to capture how 

many vehicles are entering and exiting the intersection during the A.M. peak hour time 
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periods.  Figure 15 below depicts node placement at the origin and destination points 

from internal and external boundary locations, and at merging and diverging points into 

the model to capture the number of vehicles entering and exiting the network.  Internal 

boundary points generally refer to entering and exiting traffic from intersections, while 

external boundary points relate to traffic that enters from the edges of the network, as 

shown below where traffic enters and exits the model along I-75 in the proximity of the 

intersection of Cowan Road and Baker Road, located just south of I-75. 

 

Figure 15: Node Placement at Entry and Exit points 
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6.2.3 Parking Lots 

Parking lots are used to model the origin and destination points of vehicles within 

dynamic assignment.  The starting and ending points of vehicles lie in parking lots, which 

are connected by zone connectors.  VISSIM® distinguishes between traffic exiting 

through a destination zone, and traffic that originates within the zone (origin) along with 

timestamp for time of entry and time of exit from the model.  For this study, each parking 

lot is assigned to one unique origin or destination zone.  Traffic entering and exiting the 

origin zone and destination zone are used to construct OD pairs, which define the o-d 

matrix used to simulate traffic flow through the VISSIM® model (32).  Parking lots are 

represented by the small blue boxes in Figure 16, while Figure 17 displays the Parking lot 

data, 

 

Figure 16: Parking Lots 
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Figure 17: Parking Lot Data 

Parking lots provide a significant amount of information including the parking lot 

number, the representative link, position of the parking lot placement, the relative flow, 

zone designation, and default speed of the link by road classification.  Relative flows 

refer to the percentage of traffic flow being contributed from a particular link.  In this 

case, the relative flow for traffic volume entering the model would be one on link 372, 

while the link exiting the VISSIM® model would simply have a relative flow of 0.  The 

sum of all relative volumes entering or exiting a link at an origin or destination point 

would be one.  The default desired speed is set to 25 mph, as this link location is 

represented an arterial road.    
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6.2.4 Data Collection Points 

Data Collection points are used to collect traffic volumes in each lane and are 

placed just downstream of parking lots to capture traffic entering and exiting the network.  

They are represented as óbrown linesô on the link for each lane.  Each data collection 

point references a specific lane number which is indexed by the link number (32).  For 

instance, link 1379 below has two lanes where the lane number is referenced as 1379-1 or 

1379-2, with data collection points (brown lines per lane) being placed just downstream 

of the parking lot, as shown below in Figure 18. 

 

Figure 18: Data Collection Points 

The rationale for placing data collection points (brown lines in each lane) just 

downstream of the parking lots accounts for the trips entering and exiting the model from 

each zone would be quantified since there are no diverging or converging links along the 

link that would complicate the traffic assignment process.  Data collection points can be 

placed anywhere in a microsimulation model, but it was important to place them in 

location near to the parking lots where traffic originates and exits. 
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6.2.5 Reduced Speed Areas 

Reduced speed areas are used to temporarily reduce the speed of a vehicle without 

changing their desired speed distributions in areas with significant curvature.  The most 

common usage of reduced speed areas is found at left and right turns within an 

intersection and onramps and off-ramps.  It is important to place reduced speed areas in 

places where vehicles naturally slow down (32).           

6.2.6 Intersections  

The VISSIM® microsimulation model contains 162 signalized intersections.  Each 

intersection is comprised of detectors, signal controllers, and signal heads.  Ring Barrier 

Controllers are used to setup the signal control and are simulated within the model.  Ring 

Barrier Controllers typically have eight phases and four signal timing stages (phase 

groups). Signal timings for each intersection were provided by the traffic divisions of the 

City of Marietta, Cobb County, and Cherokee County.  Error! Reference source not f

ound. provides detector information from the intersection of Cobb Parkway and Barrett 

Parkway, where detectors are modelled as network objects which are assigned to a 

specific signal controller.  Each detectors contains a port number, signal controller 

number, detector type and length, and link number and location for signal controller 

99477813, which represents the intersection of Cobb Parkway and Barrett Parkway.  

Message impulses are sent from the signal controller as soon as the front of the vehicle 

reaches a detector and when the tail of the vehicle leaves the detector (32).  Signal 

Controllers are used to specify signal heads and signal groups as shown below in Figure 

20.   
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Figure 19: Detector Information: Cobb Parkway and Barrett Parkway 

 

Figure 20: Signal Controller Information: Cobb Parkway and Barrett Parkway  
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Figure 21: Signal Timing for Cobb Parkway and Barrett Parkway 

Without getting into the intricacies of signal grouping and phasing, the signal splits are 

calculated as the summation of green+yellow+ red clearance time for each signal group.  

As shown in Figure 21, there is coordination between signal groups two and six with a 

cycle length equaling 211 seconds for this intersection.  This intersection carries a 

significant amount of traffic with a significant amount of trip generation to office 

buildings, Kennesaw State University, and local businesses.    

6.2.7 Network Layout-VISSIM® Microsimulation Model 

The network layout of the VISSIM® Microsimulation Model is shown below in 

Figure 22.  It consists of 7838 unique links, 162 intersections, 237 Parking Lots, 482 

Nodes (located at the middle of intersections and at entry and exit points), and 29.7 miles 

of managed lane network. 
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Figure 22: VISSIM ® Microsimulation Network  

The network consists of over 400 miles of arterial roadways, which are used to connect to 

the Interstate freeway system.  The arterial network contains 162 intersections, some of 

which are closely spaced.  The inability to dynamically change signal cycle lengths as 

demand fluctuates during the heaviest peak hour traffic is a limitation of the study that 

mirrors the real-life challenges of the local governing jurisdictions. 
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 Model Building within VISSIM ® - Mathematical Foundations 

VISSIM® functions as a microscopic flow simulator which contains mathematical 

models used to run the traffic flow models.  The focus of this discussion is on the Travel 

Cost Function and the Car Following Models used to simulate traffic flow through a 

network consisting of intersections, arterials, roadway networks, freeways, and arterial 

roads.  Traffic is defined using origin-destination matrices, where parking lots are used to 

model the origins and destinations of vehicle trips.  Vehicles are generated stochastically 

at parking lots within specific zones, which serve as origin and destination points in the 

model.  Traffic flows are defined individually for multiple time periods for five-minute 

increments within Origin-Destination matrices from 5 A.M.-11 A.M., resulting in 

seventy-two separate matrices for the six-hour period of analysis.    

 Within VISSIM®, the number of departures in each time interval [0,t] follows a 

Poisson distribution with mean = ɚt, which represents the time gap x between two 

successive vehicles, which follows an exponential distribution with mean 1/ɚ, where ɚ is 

measured in veh/hour. The probability of a time gap x between two successively 

generated vehicles can be computed by f(x, ɚ) = ɚeīɚx.  There may be situations where the 

travel demand exceeds capacity on the link, especially during the busiest A.M. peak hour 

time periods (32).   

6.3.1 Car Following Model-Weidemann 74 

VISSIM® adopts a psycho-physical car following model developed by Weidemann, 

which is represented as a discrete, stochastic, and microscopic model where the driver 

and vehicle are modelled as one unit.  The car following model considers the behavioral 
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differences of each driver since each driverôs ability to understand speed differences is 

contingent on physiological attributes such as age, driving experience, risk aversion, and 

other behavioral aspects (32). Psycho-physical models are predicated on the concept that 

drivers can understand differences in speed as they follow behind a leading vehicle 

through changes on the visual angle.  The size of the leading vehicle changes as the 

following vehicle reduces the headway between vehicles.  When the optimal speed based 

on the visual angle is lower than following vehiclesô current speed, the following vehicle 

should brake to avoid collision.  Motorists may seek to minimize braking constantly in 

stop and go traffic and follow at a safe distance behind the leading vehicle to maintain a 

smoother, more relaxed driving experience (32).  The state of a vehicle refers to the 

distance and speed between the following and leading vehicle, meaning that as changes 

occur in those two quantities over time, where drivers adapt their driving, namely, their 

rate of acceleration and deceleration.  The Weidemann Car Following Models assume 

that car following behaviours can be grouped into four different states as expressed in 

Error! Reference source not found., namely: 

¶ Free Driving State: There is no reaction from the driving behavior of the leading 

vehicle.  The driver of the following vehicle seeks to maintain their desired speed. 

 

¶ Approaching State: The driver of the following vehicle decelerates and reacts to 

the speed of the leading vehicle, seeking to minimize the difference in speed 

between the leading and following vehicles. 

 

¶ Following State: The following vehicle follows the following vehicle without 

actively being conscious of their acceleration or deceleration behaviour, thus 

keeping a reasonable safety distance behind the leading vehicle.  This reflects a 

stimulus-response behaviour like a driver who displays an unconscious reaction to 

the speed difference between vehicles.  This behaviour is expected during 

congested driving conditions. 
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¶ Braking State:  The following vehicle decelerates in response to lane changing 

from an adjacent lane or braking of the leading vehicle.  

 

Figure 23: Weidemann Psychosocial Physical Car Following Model (33) 

According to Weidemann and Reiter (33), driver specific abilities to recognize speed 

differences and individual risk behavior are modelled by adding random values to each 

parameter as shown below (33): 

¶ AX = Desired distance between the fronts of successive vehicles in a standing 

queue  

 

¶ ABX = Desired minimum following distance (safety distance), which is a 

function of AX, a safety delta distance, BX, and the speed, where 

ABX=AX+BX*V, where V=speed (mph) 

 

¶ SDV = Action point where a driver consciously observes that they are 

approaching a leading vehicle traveling at a slower speed.  SDV increases with 

speed differences æV.    
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¶ OPDV = Action point where the following driver realizes that they are traveling 

at a slower speed than the leading vehicle and makes the decision to accelerate 

 

¶ SDX = The perception threshold to model the maximum following distance.  

Perception thresholds reflect the ability of individual drivers to estimate speed 

differences and even a willingness to engage in less risky or more risky driving 

behavior.  Car following behavior varies from one driver to another (33) 

 

There are two primary car following models utilized for this study, namely the 

Wiedemann 74 and Wiedemann 99 car following models.  The Wiedemann 74 car 

following model was used in urban areas, which are characterized by signalized 

intersections, lower speeds along arterial corridors, and a significant amount of traffic 

which merges onto arterial roadways from on and off ramps (33).  The Wiedemann 99 

model was used in freeway sections along I-75, I-575, and I-285 where speeds are 

significantly higher, and merging traffic is minimized.  Three specific model parameters 

are used to define the Wiedemann 74 model namely, average standstill distance, additive 

part of safety distance, and multiplicative part of safety distance as shown in Error! R

eference source not found. below: 

Table 11: Parameters for Weidemann 74 Car Following Model (33) 

 

The standstill distance refers to the distance between two vehicles in a stopped queue, 

while the safety distance entails the safe following distance between two vehicles that are 
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moving within a traffic stream.  Within VISSIM®, the summation of the standstill 

distance and safety distance defines the desired spacing between two vehicles within a 

traffic stream as shown below: 

d = ABX = AX + BX, where AX is the average standstill distance             (12) 

BX = BXadd + BXmult*z*ãV        (13) 

Where BX= average safety distance, z=normal distribution (0, 1) and V=speed (mph) 

In the case of the Wiedemann 74 model, the desired vehicle spacing would fall within the 

interval (ABX Ò d Ò SDX) where only the boundaries of desired vehicle spacing interval 

(ABX & SDX) would determine the steady-state characteristics of the VISSIM® car-

following model.  It was achieved through the derivation of speed-flow relationships for 

the congested regime (32, 33).   

Rakha and Gao (2008) developed an abridged version of the derivation and calibration of 

the Weidemann 74 car following model (32, 33).  For the sake of simplicity, an 

assumption is made by the authors that steady state conditions prevail, where the lead 

vehicle is traveling at a similar speed to the following vehicle and both vehicles have 

similar car following behavior such that dn º ddesired, ȹun º 0, where dn is the spacing 

between the lead vehicle (vehicle n-1) and following vehicle (vehicle n) and ȹun is the 

relative speed between the lead and following vehicle (un-1 ï un).  The average driverôs 

behavior is being analyzed under stochastic conditions (32, 33).  The derivation begins 

with the assumption that relative speed between the leading and following vehicles are 

approximately zero, thus, the desired vehicle spacing interval would be governed by the 
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values of ABX, which represents the desired minimum following distance, and SDX 

which represents the perception threshold to model the maximum following distance.   In 

short, Wiedemann defines different thresholds and regimes including the desired distance 

(AX), the desired minimum following distance at low speed differences (ABX), the 

maximum following distance (SDX) which ranges from 1.5-2.5 times the minimum 

following distance, length of leading vehicle (sj), variables with add or mult refer to 

additive and multiplicative calibration factors, RNDIn is a normally distributed driver 

dependent parameter, NRND is a normally distributed random driver number,  the 

perception threshold (SDV), and the decreasing and increasing speed differences (CLDV, 

OPDV).  Rakha and Gao (2008) begin the derivation of the Weidemann 74 car following 

model by estimating the values of AX, ABX, and SDX as shown below (32, 33): 

AX = Ln-1 + AXadd + AXmult*RNDIn),      (14) 

which represents desired distance between stationary vehicles, where Ln-1 refers to the 

length of the leading vehicle. 

ABX = AX + BX, where BX = (BXadd+BXmulti*RNDIn)*ãv,    (15) 

where v refers to vehicle speed. 

SDX = AX+EX*BX, where EX=EXadd + EXmult*(NRND-RND2n),        (16) 

where SDX represents the maximum following distance.  
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Note that BX and EX are random variables which are computed.  The point where the 

driver realizes that they are approaching another vehicle is denoted as the approaching 

point, SDV where, 

SDV = 
Ў   with CX=CXconst*(CXadd+CXmult*(RND1n +RND2n)), (17) 

where CXconst, CXadd, and CXmult are calibration parameters.   

Since the decreasing speed differences CLDV approximate zero, VISSIM® sets CLDV as 

simply equal to SDV.  The next threshold, increasing speed difference, OPDV, refers to 

the point at which the driver observes that they are traveling at a lower speed than the 

leading vehicle, thus increasing the distance between the leading and following vehicles. 

OPDV = CLDV*(-OPDVadd-OPDVmult*NRND),      (18) 

where OPDVadd and OPDV mult are calibration factors, while NRND is a normally 

distributed driver number (32, 33). 

6.3.1.1 Following Regime 

The thresholds described above are built with the assumption the vehicle 

acceleration is always a non-zero quantity, which is indicative of a following regime.  

When a vehicle passes into the following regime, passing through the SDV or ABX, it is 

assigned an acceleration rate of ïBnull to represent a slowing following vehicle and when 

the OPDV or SDX thresholds are passed, the assigned acceleration is Bnull, which 

represents a situation where the following vehicle is accelerating. 
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Therefore, the acceleration or deceleration rate, Bnull is defined as the following: 

Bnull = BNULLmult*(RND4n+NRND),       (19)  

where BNULLmult is a calibration parameter, RND4n represents a normally distributed 

driving parameter, and NRND refers to a normally distributed random driver number (32, 

33). 

6.3.1.2 Free Driving Regime 

When a driver can accelerate to reach their desired speed, they are relatively 

uninfluenced by the surrounding traffic.  Drivers may feel a sense of euphoria to travel as 

fast as they desire.  Once the desired speed is achieved, acceleration rates of either Bnull or 

-Bnull   are assigned to model. The maximum acceleration for passenger cars in a free 

driving state, Bmax is defined as  

 Bmax = BMAXmult*(vmax-v*FAKTORV)      (20) 

FaktorV = 
ᶻ

,       (21) 

where Vmax and VDES are maximum and desired speed, and FaktorV represents a 

calibration parameter (32, 33). 

6.3.1.3 Approaching Regime 

This behavior is characterized by the following driver perceiving that they are 

behind a slower moving vehicle and need to gradually decrease their speed.  The time it 

takes to initially observe a potentially dangerous situation varies from driver to driver and 
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cannot truly be known given some drivers are more risk averse than others.  This 

situation does not indicate an emergency braking situation where the driver must apply 

the brakes immediately to avoid a collision, but they must react by decreasing their 

approaching speed and maintain a higher gap between vehicles than the minimum 

following distance, ABX.  The acceleration of the following vehicle Bn is referenced 

below: 

Bn= ᶻ
Ў

Ў
 ὄ        (22)  

where Bn and Bnī1 is the acceleration of the following and leading vehicles, while æV 

represents the difference in speed between the leading and following vehicles, ABX 

refers to minimum following distance, æx refers to the change in distance between both 

vehicles, and Ln-1 refers to the length of the leading vehicle.  

6.3.1.4 Braking Regime 

The braking regime is instituted in situations where the following vehicle must 

brake suddenly and proactively to avoid a collision with the leading vehicle.  This occurs 

when the desired minimum following distance falls below the minimum accepted 

threshold for ABX.  If the driver of the following vehicle begins the braking process too 

late, a collision may be unavoidable.  The deceleration, Bn to avoid a collision with the 

leading vehicle is shown below: 

Bn = ᶻ
Ў

Ў
 ὄ  + Bmin* 

Ў
,    (23)  

Bmin = -BMINadd-BMINmult*RND3+BMINmult*vn    (24) 
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where ABX=desired minimum following distance, BX=average safety distance, and 

Bmin refers to the maximum deceleration rate.  BMINadd and BMINmult are calibration 

parameters, while RND3n is a normally distributed driving parameter (32, 33).  

The mathematical formulations for the calibration of the Weidemann 74 Car Following 

model would entail a tremendous amount of additional derivation and complex 

mathematics beyond the scope of this dissertation.  For the sake of brevity, finalized 

model formulations for both the Weidemann 74 and Weidemann 99 car following models 

have been provided by 

 Gao (34), who compared calibration procedures for five car following models including 

VISSIM®, CORSIM®, Paramics®, AIMSUN2®, and INTEGRATION®.  Table 12 

provides the finalized model formulations for each car following model. 
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Table 12: Car Following Models (34) 

 

As shown in Table 12, both Wiedmann 99 and Wiedemann 74 car following models are 

concerned with estimating the speed of vehicles under different driving states.  Drivers 

react to changes in speed and spacing, particularly the following vehicle.  As shown 

above in the Weidemann 74 model, sn(t) and sj(t) refer to the vehicle spacing between the 

leading and following vehicles, and the spacing for vehicles stopped in a queue, 

respectively, while BX refers to minimum following distance between the leading and 

following vehicles (34).  The derived mathematical expressions are related to three 

primary parameters in the model, namely, the average standstill distance, additive part of 
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safety distance, and the multiplicative part of safety distance for any of the driving states, 

whether leading or following vehicles are óadoptingô a free driving, following, braking, or 

approaching regime.  This psychosocial model shows how the acceleration and 

deceleration behavior of the vehicle-driver unit changes as different driving regimes are 

crossed for lower speed conditions for urban driving (34).  Section 6.3.2 introduces the 

Weidemann 99 car following model which defines different model parameters to model 

freeway and Interstate traffic, which travels at significantly higher speeds.     

6.3.2 Weidemann 99 Car Following Model 

The Weidemann 99 Car Following psychosocial model reflects a significant update to the 

Weidemann 74 Car Following model through the addition of ten driver behavioral 

parameters (CC0-CC9) which are used to simulate the qualitative vehicle following 

behaviour of a driver within a freeway environment as shown in Figures 28 and 29.  

Specifically, the Weidemann 99 car following model calculates two vehicle speeds, the 

first of which is based on vehicle acceleration, and the other based upon the steady state 

car following model.  The model considers a vehicle kinematics model with a linear 

speed-acceleration relationship, where CC8, the maximum vehicle acceleration at a speed 

of 0 km/hr, and CC9, the maximum acceleration at a speed of 80km/hr, are used to 

compute vehicle speed based upon the vehicle acceleration restrictions, while CC0, the 

standstill distance, is used to calculate another vehicle speed based on steady state 

conditions.   The functional form of the Weidemann 99 car following model is shown 

below (34): 

ό
Ў   Ȣ z ᶻ Ўz ȟ 

      (25) 
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ό Ў άὭὲ σȢφz   ȟό      (26)  

Where ό Ў  refers to following vehicle speed at time (t+æt),  ό  is following 

vehicle speed at time t, CC0 is average standstill distance, CC9 is desired acceleration at 

80.45 km/hr, CC8 is desired acceleration from standstill position, Ln-1 is the length of the 

leading vehicle, and uf is the free flow speed (34). 

6.3.2.1 Following Parameters 

The minimum of the two speeds is taken, where one is based on acceleration restrictions 

and the other based on a steady state car following model.  While CC0 represents the 

average standstill distance as vehicles are stopped, it can also be calculated as the spacing 

at jam density minus the average vehicle length of the (leading and following vehicles).  

The Weidemann 99 car following model contains parameters and perceptual thresholds.  

Parameters include look back distance, look ahead distance, temporary lack of attention, 

smooth closeup behaviour, standstill distance for static obstacles, and CC0-CC9 

calibration parameters.  Brief descriptions of these parameters are shown in Error! R

eference source not found. and Error! Reference source not found.. 

¶ The Look ahead distance defines the distance a vehicle can see ahead of it in to 

react to vehicles in its proximity, either in front or on the side in an adjacent lane. 

 

¶ Look back distance parameters determine the maximum and minimum distances 

that a driver can see backwards within the same link to react to other vehicles 

located behind. 

 

¶ Temporary lack of attention parameters may determine the probability and time 

duration in which a driver does not react to the behaviour of lead vehicle except 

for emergency braking.  A higher value for the duration (seconds) for temporary 

lack of attention lowers the capacity on the link. 
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¶ Smooth closeup behaviour parameter determines whether drivers slow down more 

smoothly when approaching standing obstacles. If it is considered, drivers then 

prepare to stop behind the obstacle from the maximum look ahead distance. 

Otherwise, drivers must maintain normal following behaviour and will not 

consider the standing obstacle. 

 

¶ Standstill distance for static obstacles parameter determines the distance that 

drivers keep while standing in upstream of all static obstacles.  

 

  

 

Figure 24: Weidemann Car Following Parameters 
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Figure 25: Weidemann Car Following Calibration Parameters (35) 

The thresholds, AX, BX, SDX, SDV, CLDV, and OPDV are described in the following 

sections.  Error! Reference source not found. 26 depicts the Weidemann 99 lane c

hanging parameters.  Aghabayk defined the mathematical relationships between the car 

following parameters and thresholds given the difficulties experienced in attempting to 

auto calibrate the VISSIM® car following models (35).  These mathematical relationships 

are shown below: 

AX= L+CC0,          (27)  

where L represents the length of the lead vehicle, CC0 is the average standstill distance 

between the leading and following vehicles, and AX is the desired distance between two 

stationary vehicles (35). 

BX= AX + CC1*v,          (28) 
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where BX is the minimum safe following distance as noticed by drivers, CC1 is the 

desired headway between the leading and following vehicles, and v is the speed of the 

following vehicle if it is lower than the speed of the leading vehicle (35). 

SDX = BX + CC2,         (29)  

where SDX represents the maximum following distance, while CC2 represents a 

variation in the additional safety distance the approaching (following) vehicle wants to 

keep behind the leading vehicle (35). 

SDVi = 
Ў

ὅὅτ,         (30) 

where SDV is the point at which drivers notice speed differences when approaching a 

slower vehicle (viewed from a long distance), æx is the headway between the leading and 

following vehicles (front bumper to front bumper), CC3 is the time it takes before a 

vehicle begins to decelerate to the safety distance, and CC4 is the maximum negative 

velocity attained during the unconscious following process (35). 

CLDV = ᶻЎὼ ὒ ὅὅτ,        (31) 

where CC6 represents how the following vehicles speed oscillation changes with the 

distance to the lead vehicle (35).   

OPDV = ᶻЎὼ ὒ z‏ ὅὅυ,       (32) 

where CC5 is the maximum positive velocity attained during the unconscious following 

process (35). 
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As shown above, CC8 represents the desired acceleration as a vehicle starts moving from 

a stationary position, and CC9 is the desired acceleration of the vehicle at 80km/hr, which 

is normally assumed to be the mean of the maximum acceleration rates of vehicles.  CC8 

and CC9 are not directly used to calculate thresholds, but they are utilized in the general 

form of the Weidemann 99 car following model. 

The impact of the ófollowingô parameters are explicated in Chapter 7, which discusses the 

results of the model runs and the relative of the parameters on model results.   However, 

as a general note from the literature and in practice, the headway time (CC1) has a 

significant impact on capacity, volume, and speed within the Weidemann 99 model (35).  

Likewise, the additive and multiplicative components of safety distance impact capacity.  

Both Weidemann 74 and 99 car following models are used as part of this work.  The next 

component of the Weidemann 99 Car Following Model to be examined are the Lane 

Changing Models within VISSIM®. 

6.3.2.2 Lane Changing Models 

There are two types of lane changing behaviors which occur within VISSIM®, 

namely, the necessary lane change and free lane change (32).  For a necessary lane 

change to occur, the driving behavior parameters must contain a maximum acceptable 

deceleration for a vehicle and its trailing vehicle on the lane.  On the other hand, for a 

free lane change, VISSIM® checks the desired safety distance based upon the speed of 

the vehicle that wants to make a lane change.  Whether a necessary or free lane change 

occurs, it is critical to find the appropriate gap size between the leading and following 

vehicle.  Both the speeds of the vehicle changing lanes and the speed of the vehicle 
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approaching from behind must be considered.  While the VISSIM® manual notes that 

driver aggressiveness would impact how lane changes occur, driver aggressiveness 

cannot be directly modelled for free lane changes, however changes to the safety 

reduction factor and other factors such as safety distance would impact the 

aggressiveness of drivers (32).  Higher levels of aggressiveness are reflected in driving 

behaviour that reduces the safety distance and headway between vehicles, thus, leading to 

increases in roadway capacity and vehicle speeds.  VISSIM® includes a set of lane 

changing parameters which manage how vehicles change lanes throughout their trip.  The 

default parameters for lane changing are set to a moderately aggressive behavioural 

model through the deceleration thresholds defined for the lane changing vehicle (Own) 

and the vehicle that is (Trailing).  The range of these decelerations is defined by the 

maximum and accepted decelerations, while a reduction rate of 1ft/s2 is used to reduce 

maximum deceleration as increasing distance from the emergency stop position. These 

parameters can be changed to reflect extremely aggressive or non-aggressive driver 

behaviour (32).  The maximum and accepted deceleration.  The six lane changing 

parameters are defined below (32, 34): 

¶ Waiting time before diffusion defines the maximum amount of time a vehicle can 

wait at the emergency stop position waiting for a gap to change lanes.  The default 

value used within VISSIM® is 60 seconds for freeway traffic.  If this value 

exceeds 60 seconds, the vehicle is taken out of the model with an error file noting 

the time the vehicle was taken out of the model.  Excessive queueing can occur 

behind the leading vehicle if the waiting time for the lane changing vehicle is 

increased significantly.  For arterial roads with a significant density of signals, the 

time of diffusion may vary based upon the level of aggressiveness for lane 

changing behaviors. 

    

¶ Safety distance reduction factor represents a reduction in the safety distances 

associated with vehicles which are making the lane change.  The default value 

within VISSIM® is 0.60, which means that there is a 40% reduction in safety 
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distance while the lane changing manuever is occurring.  Smaller values of the 

safety distance reduction factor denote aggressive driving behavior, where drivers 

typically want to make lane changes with smaller gaps for lane changing.   

 

¶ Minimum headway determines the minimum gap needed in front of the following 

vehicle that should be available for a lane change.  Lower minimum headways 

reflect aggressive driving, while higher headways reflect a greater emphasis on 

safe traveling distances. 

 

¶ Overtake reduced speed areas refers to the option of vehicles being allowed to 

overtake other vehicles in a reduced speed area.  From practice, checking this box 

will increase the time it takes the simulation to run, which may contribute to 

additional congestion. 

 

¶ Advanced merging allows vehicles to change lanes upstream of a congested ramp 

to facilitate more vehicles to merge to the mainline, which increases the capacity 

and reducing the likelihood of stopped vehicles waiting for a gap. 

 

¶ Cooperative lane changing allows for the trailing vehicle to switch lanes to 

facilitate the lane change of the leading vehicle.  However, VISSIM® will execute 

a cooperative lane change even if the defined maximum speed difference and 

maximum collision time factors are not met (32, 34) 

 

 



172 

 

Figure 26: Lane Changing Parameter Defaults in VISSIM® (32. 34) 

For this work, the free lane selection is selected as the general behavior lane model.  The 

general lane changing behaviours for free lane selection are shown above.  Minimum 

headway, deceleration rates, lane changing distance, and the safety reduction factors have 

a significant impact on roadway capacity within VISSIM®, whether they are implemented 

for arterials and freeways for either uncongested or congested conditions.           

6.3.2.3 Travel Cost Function 

The general cost function within VISSIM® allows for the modeling of different 

path selection behavior for each vehicle type as a function of travel time in seconds, 

travel distance in feet, and financial costs (32).  The route selection is based on the travel 

time, route length, and the financial costs of taking each route. VISSIM® may be biased 

in its selection of routes by recommending the routes with the lowest generalized travel 

costs.  Therefore, it can be assumed that drivers want to minimize their travel costs.  Any 

changes in routing selection after the implementation of the managed lane would be 

indicated by drivers using the managed lane because it may lower their overall travel 

costs or choose to avoid it altogether since their generalized travel costs would increase if 

they chose to use the managed lane.  The standard form of the General Cost function for 

each trip is shown below:    

General Cost = Ŭ*travel time + ɓ*travel distance+ ɔ*financial Cost + × cost surcharge,             

           (33)  



173 

 

where Ŭ, ɓ, and ɔ are cost coefficients for trip travel time (seconds), travel distance (feet), 

financial cost ($/ft.), and any associated cost surcharges per link which are set to zero 

(32). 

The general cost for a specific route is the sum of the general cost of all its edges, where a 

route is defined as a sequence of edges which describe a path through a network.  An 

edge simply represents a sequence of links and connectors between two nodes.  It is 

important to note that traffic travels on a link, but through nodes within VISSIM®.  Each 

o-d trip which can enter and exit through parking lots will have an associated general 

cost.  The assigned cost coefficients are based on specific vehicle types, which may have 

different path selection and financial costs (32).  For instance, a small duty truck would 

be more expensive to operate than a standard car.  If using the managed lane provided 

some general cost savings for A.M. peak hour trips when compared to trips taken prior to 

its implementation, it is expected that VISSIM® would recommend the lowest cost route 

to make that trip.  

 Dynamic Assignment 

Dynamic assignment entails finding a set of possible routes, an assessment of route 

alternatives based upon some criteria, and then a description of driver behavior can be 

estimated based upon that assessment (32).  Given the objectives and scope of this work, 

there is an interest in ascertaining the impacts of changes in the geometry of the roadway 

network, the introduction of a managed lane, and its potential impact on route choice.  

Within VISSIM®, dynamic assignment is based upon the concept of iterated simulation, 

where the network is simulated repetitively, and route selection through the network is 
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based upon travel costs incurred during preceding simulations.  Each intersection within 

the model is represented as a node, while the entry and exit points into the model are 

represented by parking lots, which contain zones.  Parking lots are used to model the 

entry and exit points of vehicles into the network and contain a defined zone.  Trips 

originating from a specific zone (origin) or ending within the same zone (destination) 

start or end within a parking lot.  Parking lots assign the originating traffic of a zone 

through the application of a relative flow percentage.  Relative flow refers to the 

percentage of traffic which originates within a specific zone.  The volume of traffic 

entering the model is a primary concern, as it impacts travel speed, flow, and vehicle 

delay throughout the network.  Travel demand for dynamic assignment is specified 

within the development of the origin - destination matrices.  The areas in the network to 

be simulated are divided into smaller subsets called zones, where the number of trips 

made from each origin and destination zone are used to define the travel demand for the 

modelled network for trips taken between 5 A.M. - 11 A.M.  This work utilized 

converged model runs to perform dynamic assignments within VISSIM® to ensure that 

VISSIM® could learn to model topology and understand any stochastic variations 

between travel times along the paths which VISSIM® selects.   

6.4.1 Dynamic Assignment ï Mathematical Foundations 

Within VISSIM®, travel times are measured for each edge within the network.  

Routes in VISSIM® are described as a sequence of edges which describe a path into the 

network, where an edge simply represents a sequence of links and connectors between 

two nodes (32).  Vehicles that leave the edge report the time spent on the edge.  VISSIM® 

averages the travel times during one evaluation interval, however, there are situations 
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which may occur during highly congested periods where vehicles are unable to leave the 

edge (queued up on the link).  Under these circumstances, VISSIM® reports these 

vehicles as having significant dwell time even though they have not left the edge.  The 

travel times per edge measured during a time interval of one iteration are exponentially 

smoothed using the rules for stochastic assignment developed by Kirchoff before they are 

incorporated into the route choice decision process.  The smoothed travel time for each 

edge represent the travel time expected for the next iteration are used to make the routing 

choice decision, as shown below (32): 

Ὕ
    ᶻ           

ȟ  ᶻ ȟ
ȟ                                                              στ 

Where, 

K= index of evaluation interval within the simulation period, n= index of assignment 

iteration, a= index of the edge,  Ὕὕȟ = measured travel time on edge a for period k in 

iteration n, Ὕὕȟ= expected travel time on edge a for period k in iteration n, and 

Ŭ=smoothing factor. 

The route choice decision depends upon the results provided from the general cost 

function, described as a linear function of travel time, travel distance, financial costs, and 

any additional surcharge link specific costs.  The route choice decision predicted within 

VISSIM® recommend routes with the lowest travel costs.  In VISSIM®, there is no way 

to find a set of best routes, but the best single route for each origin-destination pair can be 

found by searching for paths in each iteration of the dynamic assignment.  Different best 

routes may be found for each iteration of the simulation given heterogeneous changes in 

demand during the AM rush hour periods.  VISSIM® collects all routes which have been 

qualified as the best routes and saves this information within an archive.  For the first 
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iteration, there is no information available from preceding simulation runs, so the cost 

component is evaluated by replacing the travel time with travel distance.  The distribution 

of the travel demand for any o-d pair to known paths is found using the Kirchhoff 

distribution formula shown below: 

ὖὙ
Ὗ

ВὟ
                                                                                                                     συ 

 Where Ὗ = utility of route j, ὖὙ = probability of route j being chosen, and k=model 

sensitivity.  The Kirchhoff distribution function is typically expressed as a logit function, 

where the utility function undergoes a logarithmic transformation.  The transformed logit 

function is shown below (32, 35): 

ὖὙ
Ὗ

ВὟ

Ὡᶻ

ВὩᶻ
Ὡᶻ

ВὩ ᶻ ȟύὬὩὶὩ ὅ      Ȣ       σφ 

6.4.2  Dynamic Assignment Parameters 

Within VISSIM®, cost and path files are generated for all o-d trips over a 

specified evaluation interval.  The traffic conditions in the network change over time and 

the travel times certainly fluctuate with increasing and decreasing travel demand.  While 

in practice, traffic engineers would love to evaluate traffic on a second-by-second basis, 

however, VISSIM® recommends evaluation intervals of 15 minutes or greater since there 

is significant fluctuation of measured values in shorter intervals.  Error! Reference s

ource not found., Error! Reference source not found., and Error! Reference source 

not found. show the files, cost, and search parameters within the dynamic assignment 

module, respectively. 
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Figure 27: Dynamic Assignment - Files 

The files generated are cost and path files, which are stored as archive files.   

 

Figure 28: Dynamic Assignment Parameters - Cost 

As shown in Figure 28, the time interval for edge travel times is found by using the 

results of the previous simulation run for the same time interval.  The Kirchhoff 

distribution splits the travel demand by examining the cost of each route.   
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Figure 29: Dynamic Assignment Parameters - Search 

For each iteration, new paths are searched, and the path selection type is decided at the 

start of the simulation within dynamic assignment.  Deciding the path selection type 

órepeatedlyô was considered, but that option more than tripled the amount of time used to 

run the simulation, so it was abandoned due to its inefficiency.  As part of the path 

selection, paths with more than 100% maximum extra costs when compared to the best 

path were eliminated, and the maximum number of paths per parking lot location were 

limited to three paths to facilitate a successful simulation run.  The path choice model 

used was the Kirchhoff stochastic assignment model, as mentioned previously (32). 

6.4.3 Simulation Parameters 

There are four primary simulation parameters used within VISSIM®, namely, the 

simulation period, simulation resolution, random seed and random seed increment, and 

the number of runs.  For this work, where the total travel time cost per o-d trip is being 

analysed before and after the implementation of the managed lane, it is important to 

ensure that the simulation parameters used in all model runs are identical.  Otherwise, 
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direct comparisons of the pre and post implementation conditions are impossible to 

ascertain.  Brief descriptions of these simulation parameters are provided in the following 

sections. 

6.4.3.1 Simulation Period 

While the simulation period represents the total simulation time per model run in 

simulation seconds, there are some considerations which should be considered 

considering the present work as presented by Washington State Department of 

Transportation (WSDOT).  Recommended guidance from WSDOT stipulates that the 

simulation period (seeding period) should be the longest of the following criterion (32), 

namely. 

1. A minimum of 10 minutes 

2. Equal or greater than twice the estimated free flow travel time from one end of the 

model to the other. 

3. The point at which the number of vehicles in the network level off, where the rate 

of increase slows down but the number of vehicles in the model may rise. 

4. Vehicle queue lengths in the model at the end of the seeding period to replicate 

real world observations. 

The model duration is set to six hours, from 5 A.M. - 8 A.M., and 8 A.M. - 11 A.M., to 

make sure that the development and dissipation of congestion can fully be analysed given 

the processing power limitations of running the models continuously from 5 A.M. - 11 

A.M.   
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6.4.3.2 Simulation Resolution and Simulation Speed 

The simulation resolution represents the number of time steps per simulation 

second.  The default value of 10 is recommended, however, VISSIM® provides some 

recommendations for setting the simulation resolution. Values less than five lead to jerky 

movements that speed up the simulation, while values from five to ten provide better 

results.  Values greater than 10 provide smoother and more realistic vehicle movements 

but take a much longer time and processing power to perform the simulation run.  

Simulation speed corresponds to a time lapse factor, which indicates the number of 

simulation seconds per real time second (32).  A default value of one is typically used to 

run the simulation in real time, however, the desired simulation speed may not be realized 

if a large network such as this one is being run (32). 

6.4.4 Random Seed/Random Seed Increment  

Random Seeds allow for stochastic variations in the traffic arrivals within 

VISSIM®, which mimic real world conditions.  If two simulation runs within the same 

VISSIM® network use different random seeds, then the stochastic function in VISSIM® 

are assigned different sequences for each simulation run, thus changing the traffic flow 

parameters within the network.  Random seed increments refer to the difference between 

random seeds when multiple simulation runs are being performed.  For dynamic 

assignment, a random seed of zero is typically used (32). 
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6.4.5 Dynamic assignment volume increment 

VISSIM® provides the option to scale the traffic volumes by a volume increment.  

For example, if five runs are proposed, the volume could be scaled to run the model at 

20% of the total volume, for the first run with 10% dynamic incremental increases in 

volume until the model runs at 100% volume.  The number of runs varied from thirteen 

to eighteen runs, depending upon when the model runs achieved the convergence criteria 

of variation of 15% or less for travel times between runs for at least 75% of the network.  

With large models, achieving convergence at a higher level is challenging.  There was a 

limitation imposed by the lack of processing power to run more than 18 convergence 

model runs.  VISSIM® can achieve better simulation results with each successive run.  

Therefore, for the purposes of this study, the dynamic assignment volume increments are 

set at 20% for the first model run and until the model runs with 100% of the traffic.   

 Data Collection - VISSIM ®  

The data collection process involved significant data transformation where all 

zones within the VISSIM® model were matched with specific nodes within the 150K 

ABM Travel Demand Model.  Once the o-d trip data were collected for each trip entering 

and exiting the network boundaries from 5 A.M.-11 A.M. from the ABM Travel Demand 

Model, the origin and destination locations, trip traversed nodes, and traversed timestamp 

data were used to map the path of every trip from trip origin to trip destination (32).  The 

zones at which trips entered and exited the VISSIM® model were matched with the entry 

and exit node data within the Travel Demand Model.  The number of trips entering and 

exiting the VISSIM® model from each zone is modelled as an Origin Destination matrix 
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for each five-minute period, starting from 5 A.M.-5:05 A.M.  The trip data are setup into 

five-minute increments, that is, five-minute volumes from each origin and destination 

zone defined within VISSIM® from 5 A.M.-11A.M.  Therefore, 72 Origin Destination 

Matrices were configured within VISSIM®.  There are 118 zones from which vehicles 

can enter and exit the model.  Therefore, 118x118 origin-destination matrices were 

developed for each vehicle type for five-minute periods of analysis from 5 A.M.-11 A.M.   

 VISSIM ® Model Development Summary 

Chapter 6 addressed the role and function of the elements used to build the 

VISSIM® microsimulation model.  Descriptions of the model elements including links, 

nodes, connectors, parking lots, zones, data collection points, reduced speed areas, and 

the setup of intersections are summarized throughout Section 6.2.  Section 6.2.7 provided 

a layout of the network and defines both the project boundaries and scope of the model. 

The model consists of 7838 unique links, 162 intersections, 237 Parking Lots, 482 Nodes 

(located at middle of intersection and at entry and exit points), 118 entry and exit points 

(zones), and 29.7 miles of managed lane, as well as more than 400 miles of arterial roads.  

Section 6.3 not only elaborates upon the mathematical foundations of the Weidemann 74 

and Weidemann 99 Car Following Models, but also provided descriptions of parameters 

within each model, and details the importance of the free driving, approach, following 

and braking regimes, but also defines the importance of the CC0-CC9 calibration factors, 

and describes the parameters of the lane changing models.  The chapter concluded with a 

discussion of dynamic assignment, detailing how the cost and search parameters are used 

to define path selection within VISSIM®.  The influence of the simulation period, 

simulation speed, simulation resolution, selection of the random seed, and the impact of 
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the dynamic assignment volume increment were described in Section 6.4.  An overview 

of the data collection process was provided in Section 6.5.   
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CHAPTER 7. MODEL RUNS 

 Development of Model Runs 

The objective of this research is to develop a sensitivity analysis on toll rates 

charged per mile within a traffic simulation which captures modelled route choice after 

the implementation of the Northwest Corridor managed lane.  Therefore, it was 

imperative to develop model runs which applied different cost penalties (tolls) to routes 

which chose the managed lane to examine the modelled route choice.  Cost penalties 

(tolls) per mile were uniformly applied to all managed lane links throughout the network 

for all study time periods (5 A.M.- 8 A.M. and 8 A.M.- 11 A.M.), as the objective is to 

examine whether the simulation chooses the Express Lane for a portion of some origin-

destination trips when utilizing new dedicated access points provided by the Express 

Lane with the goal of minimizing impedance.  It is assumed that drivers would expect 

some travel time savings during their trip in exchange for paying a toll.  Tolls per mile of 

$0, $.20, $.50, and $1.00 were applied to the managed lane links in VISSIM® to analyze 

whether modelled route choice changed after the implementation of the Northwest 

Corridor managed lane.  Routing choice may change as the cost penalties increase, 

however, this may not be true for short trips, as shorter trips may be chosen due to the 

location of the driverôs destination as opposed to expected travel time savings.  Shorter 

trips would incur smaller tolls, and thus, lower opportunity costs.  The converse may be 

true for longer trips, where motorists may be willing to pay more for greater travel time 

savings, particularly, to get to work on time.   
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Additionally, the distance from the driverôs trip origin to the managed lane entrance 

(dedicated access point) may impact the decision to use the managed lane if entrances to 

the managed lane are congested or uncongested prior to entry. 

 

Figure 30: Tolls per mile for managed lane links 

Error! Reference source not found. above depicts how the costs per mile tolls are p

laced within the link definition under the Others tab.  In this case, the cost per mile to 

utilize the Northwest managed lane was set at fifty cents per mile.  Since the VISSIM® 

simulation selects route choices based upon the lowest total travel cost from origin to 

destination (impedance), the question addressed is whether the use of the managed lane 

leads to travel time savings from trip origin to the trip destination after the inclusion of 

dedicated access points to and from the Express Lane.   
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7.1.1 Convergence  

Prior to developing a set of finalized model runs, it was important to ensure that 

all model runs reached convergence, which indicates that the travel times along paths 

within the model are stable when stochastic variations are introduced.  For this work, 

which contains 162 intersections, finding convergence along travel paths was 

challenging, however, it was achieved at an 80% level for the pre managed lane runs.  

For the post managed lane runs, a 75% level of convergence was attained as more 

variation was introduced into the model with the addition of the managed lane facility.  

This indicates that 75% or 80% of all paths maintained a travel time difference of 15% or 

less even with the introduction of stochastic variations for each successive model run.  

This result showed a reasonable level of model stability for a large, complex model.  To 

achieve 80% convergence for the pre managed lane convergence runs, the volume was 

scaled to 20% to start the convergence model runs with 10% dynamic assignment 

increment increases thereafter for each subsequent model run.  Therefore, 100% of the 

volume would be loaded by the ninth model run, which allows VISSIM® to learn the 

model behavior along the prescribed model paths.  In short, the travel time on paths 

calculates the change in travel time on paths for successive model runs.  For this analysis, 

convergence runs with respect to travel time on edges and volumes on edges were not 

performed.  The literature recommends an evaluation period between 45-60 minutes for 

large, complex models, so an evaluation period of 60 minutes was employed for this 

work.  The random seeds were varied, while the random seed increment was set to 0.  

Convergence model runs were performed for both the pre implementation and post 

implementation cases.   
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7.1.2 Description of Model Runs 

The model runs were developed to reveal whether modelled route choices would 

change after the application of a toll to the newly deployed Northwest Corridor managed 

lane.  While the Northwest Corridor managed lane was originally described as a high 

occupancy toll Lane, the respective lane capacities range from 1,000-1,200 veh/hr/lane.  

At entry points to the managed lane, traffic can divert onto two receiving lanes.  

Therefore, the maximum capacity of the managed lane network at entry points is 

approximately 2,400 veh/hr at full capacity.  To examine whether the simulation chooses 

to use the managed lane for some portion of an o-d trip, the following model runs were 

developed for the following study time periods (5 A.M. ï 8 A.M. and 8 A.M. ï 11 A.M.), 

which comprise the A.M. pre rush, rush hours, and post rush hour time periods for home 

to work trips. 

7.1.2.1 Model Runs by Time of Day 

As generally accepted in both the literature and empirical experience with Atlanta 

traffic, the busiest morning rush hour periods are from 6 A.M.- 9 A.M., with home to 

work trips.  During this time, one may expect greater diversion into the managed lane 

given the higher levels of congestion along arterial routes and the expected potential to 

accrue greater travel time savings.  From 5 A.M. ï 6 A.M., a moderate increase in traffic 

flow is expected, where a demonstrated difference in travel time may be observed.  From 

6 A.M. ï 9 A.M., the writer expects some congestion along major arterial roadways, 

especially in areas with high trip generation such as restaurants, hospitals, malls, and 

office buildings.  Congestion along highly traveled arterial routes typically dissipates 
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after 10 A.M.  While it was initially planned to collect data from 5 A.M. ï 11 A.M. 

within each model run, the large number of o-d pairs and zones within the matrices led to 

a significant slowdown in model runs due to the number of calculations being performed 

every one tenth of a second.  In some cases, the model crashed amongst repeated attempts 

to set up the model runs with a six-hour continuous run.  Therefore, shorter time periods 

(5 A.M. - 8 A.M. and 8 A.M. ï 11 A.M.) became a more efficient and effective way to 

run the model and collect the data needed to perform the analysis.     

7.1.2.2 Model Runs by Charged Toll 

It is expected that drivers would normally only pay a toll in exchange for some 

benefit.  One of the tested alternatives is to make access to the managed lane free, which 

is, charging a zero toll for access.  Under these conditions, the largest amount of 

diversion is expected during the most congested time periods, namely 6 A.M. ï 9 A.M.  

From 5 A.M. - 6 A.M., there may be some diversion into the managed lane at a zero toll, 

but the travel time savings accrued are expected to be minimal given the low traffic 

demand across the network.  From 8 A.M. ï 11 A.M., some congestion is expected along 

busy arterial routes until 10 A.M., when most arterial traffic should have dissipated. 

The data from the model runs reveal whether the simulation chose the managed lane for a 

portion of the trip.  While the managed lane may offer some travel time savings, the 

impact of arterial congestion may yield a trip that has no overall travel time savings.  

There may be some differences for shorter and longer trips, with the expectation that 

longer trips may accrue greater travel time savings.  For shorter trips, the decision to use 

the managed lane may be due to convenient access to a particular destination as opposed 
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to accumulation of travel time savings.  Motorists may be willing to pay two dollars for 

five minutes of travel time savings but be unwilling to pay eight dollars for twenty 

minutes of travel time due to the difference in opportunity cost, that is, the benefit of 

choosing another option derived from a different choice.  The decision to choose the 

managed lane may also be moderated by the level of congestion, with higher levels of 

congestion in the general-purpose lanes potentially leading to a higher probability of 

diversion into the managed lane if there are increased costs associated with using the 

general-purpose lanes. 

For charged tolls of $.50 or $1.00 per mile, it is expected that usage of the managed lane 

decreases if travel time savings accrued from choosing the managed lane are minimal.  

However, the converse situation could be true if the travel time savings and speed 

differences between the managed lane and general-purpose lanes are significant.  The 

following model runs are proposed for this work as described above: 

1. Total of four Post managed lane runs from 5 A.M.- 8 A.M. at $0, $0.20, 

$0.50, and $1.00 per mile   

2. Total of four Post managed lane runs from 8 A.M.-11 A.M. at $0, $0.20, 

$0.50, and $1.00 per mile  

3. A total of two Pre-managed lane model runs for each time period (no tolls) 

7.1.2.3 Time of Diffusion 

There is significant discussion in industry concerning the appropriate time of 

diffusion parameter that should be used within VISSIM®.  In short, the time of diffusion 

is the maximum time a vehicle should be allowed to wait before changing lanes behind a 
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stop line.  This issue does not exist in the real world, but it is a limitation in VISSIM® 

because vehicles are removed from the network if they exceed the time of diffusion 

threshold defined in VISSIM®.  If a high emphasis on vehicle conservation becomes the 

primary concern, then high values of time of diffusion may be appropriate to provide 

extra time to make lane changes.  However, high values of time of diffusion may cause 

artificially generated congestion within the model by allowing vehicles to wait too long 

(12 minutes) to make a lane change, while low values of time of diffusion (one minute) 

can cause significant loss of vehicles from the model, namely, that vehicles disappear 

from the model quickly because they have only a short time to change lanes, particularly 

in areas with heavy arterial traffic.  The default parameters of time of diffusion vary 

widely from 60 seconds to up to 720 seconds, depending on the size and scope of the 

model being developed.  In practice, it would be expected that vehicles can wait at least 

two to three cycle lengths behind a signal, during rush hour time periods to make a lane 

change, particularly in areas which have high arterial volumes.  Given the size and scope 

of this model, which contains 162 signalized intersections, some of which are spaced 

closely together along Chastain Road, Roswell Road, Windy Hill Road, Powers Ferry 

Road, and Marietta Parkway, it became necessary to perform a sensitivity analysis on the 

time of diffusion parameter weighing the tradeoffs between vehicle conservation and 

potential increases in congestion. 

In short, times of diffusion values of 240 seconds, 300 seconds, and 480 seconds 

were tested along arterial routes, but kept at 60 seconds along freeway and Interstate 

routes since those facilities have available capacity and several receiving lanes available 

to make a lane change.  After tests were performed, it was decided that a time of 
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diffusion of 300 seconds would be used in urban areas so that vehicles had adequate time 

to make lane changes.  At 480 seconds, the time of diffusion contributed to queue 

spillback in the model.  On Interstates (which are not signalized), lane changing happens 

quickly, particularly in areas which have six to eight lanes available for lane changes, so 

60 seconds was found to be appropriate.  Along busy arterial routes with several 

intersections that are closely spaced to one another, the amount of time vehicles wait to 

perform a lane change is a function of the traffic demand and cycle length at each signal.  

In the busiest areas, vehicles may wait at least two cycle lengths at a signal to proceed 

through the signalized intersection.   

7.1.2.4 Safety Reduction Factor 

During lane changes, VISSIM® reduces the safety distance of the vehicle to the 

value that is calculated by multiplying original safety distance by the safety distance 

reduction factor. For instance, the default value of 0.6 reduces the safety distance value 

by 40%.  The safety reduction factor controls how much distance a lane changing vehicle 

has before making a successful lane change.  As with time of diffusion, the safety 

reduction factor must be chosen carefully.  The writer has noticed some attempts within 

the modeling community to choose extremely low safety reduction factors such as .10, 

which reduces the safety distance value by 90%.  Using such a small value would tend to 

maximize capacity of the roadway network by minimizing space to make lane changes.  

However, under these conditions, lane changes would be extremely abrupt and may occur 

at high speeds, compromising safety.  Much like time of diffusion, the selection of the 

safety reduction factor impacts the conservation of vehicles within the model.  If low 

values of the safety reduction factor are combined with large time of diffusion values, the 
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result could be the propagation of additional congestion within the model, where vehicles 

wait longer to make lane changes because there is an inadequate safety distance to do so.  

Such a situation may cause significant backups and queuing in areas that are not a result 

of normal, recurring congestion.  Both the time of diffusion and the safety reduction 

factor play a prominent role in the lane changing behaviors of vehicles.  For this work, 

model runs are being developed with a safety reduction factor of .60, which reduces the 

safety distance by 40%.  There must be some reduction in safety distance to provide a 

reasonable distance for the trailing vehicle on the new lane to react to a lane change, 

which serves as a determinant as to whether a safe lane change can occur.  Drivers should 

also consider the safety distance needed for lane change from their existing lane to the 

receiving lane.  In some cases, lane changing vehicles need to quickly accelerate or 

decelerate to make lane changes, thus introducing unsafe conditions.   

 Setup of Model Runs 

The process used to set up the model runs are described in the following 

subsections as well as some valuable lessons learned throughout the process.  Assuming 

the links, nodes, parking lots, zones, signalized intersections, lane changing parameters, 

tolls per mile, model matrices, and car following models have already been prepared in 

VISSIM®, the process of setting up the model runs is straightforward.  The following 

sections briefly describe and illustrate the process of setting up the model runs.  While the 

exact order of setting up model runs is at the discretion of each researcher, there are some 

recommendations provided in the discussion which may prove useful.  A more 

exhaustive description of model run components are discussed in Section 7.3, Section 7.2 

covers dynamic assignment parameters, selection of vehicle record data, simulation 



193 

 

parameters, and a short discussion concerning the importance of test runs prior to the 

development of finalized model runs.   

In VISSIM®, Dynamic assignment parameters are found under the Traffic tab.  

Under the Files tab, it is important to first ensure that the correct matrices have been 

defined.  For this work, seventy-two matrices were defined in five-minute increments, 

starting from 5 A.M. to 11 A.M.  It is critical to define the cost and path files to be 

generated by VISSIM® and consider the financial costs at the edges of all the nodes as 

vehicles enter and exit the model.  If a choice is made to consider path travel times, then 

financial costs would not represent the sum of the edges of nodes.  Archive files, costs, 

and paths should be stored for all vehicle classes in the model.  It is important to define 

the time interval for edge travel times, cost for path distribution, and select a smoothing 

method.  Path search and path selection type should be selected carefully.  For large 

models, it may be problematic to select a path selection type which decides repeatedly 

about path selection.  Deciding path selection repeatedly contributes to a significant 

slowdown in the time it takes to complete model runs instead of the path type being 

considered from the start of the model run.  For large models, it is vitally important to set 

the model to avoid long detours and reject paths with too high total costs as part of the 

dynamic traffic assignment.  It is not advisable to set the maximum extra cost compared 

with the best path to extremely high values exceeding 200%.  For this work, the 

maximum extra cost was set to 100%.   If a decision is made to allow to search for paths 

repeatedly with higher total costs, the probability of the model run crashing increases 

significantly as it cycles through all possible paths and potentially induce additional 

queuing, particularly within a large model.  There is greater flexibility when examining 
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smaller models at a more microscopic level.  Lastly, since this work involves stochastic 

assignment, a Kirchoff distribution is used as the path choice model.  Depending on the 

goals of the research, old volumes or equilibrium assignment may be sufficient, however, 

if the work involves whether modelled route choice has changed as the result of a new 

facility, it is better to consider stochastic assignment as opposed to equilibrium 

assignment, which seeks to equally distribute travel demand such that all users choosing 

the same origins and destinations would experience the same travel time.   

7.2.1 Selecting Appropriate Data Outputs 

Prior to performing model runs in VISSIM®, it is important to select the 

appropriate data outputs for analysis.  For this work, the following vehicle record data 

was collected, namely: 

1. Simulation Second ï The number of seconds in the simulation run starting at 0 

seconds to the end of the simulation run e.g (three hours = 10800 seconds) 

 

2. Number ï The assigned vehicle number which remains the same across each 

run if  the random seed value remains the same with zero specified as the 

random seed incremental value. 

 

3. Lane/Link/Number ï The corresponding link number in VISSIM® along with 

the lane where the vehicle is located at any point in time during the simulation 

run. 

 

4. Start Time (time of day) ï The time of day each vehicle enters the model. 

 

5. Speed (mph) ï The speeds of vehicles as they cross each link in the model. 

 

6. Origin Zone ï The zone at which the vehicle enters the model ï start time is 

known.  Origin and destinations zones are quantified within parking lots at 

each origin and destination point within the model.  

 

7. Destination Zone ï The zone at which the vehicle exits the model ï exit time is 

known. 
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8. Time in network (sec) ï The amount of time each vehicle stays in the model. 

 

9. Distance Traveled (ft) ï Distance traveled by each vehicle in the model. 

Under the direct output tab in VISSIM®, several types of data can be generated within the 

output files depending on the type of research being conducted.  Since this research 

involves the tracking of vehicles through a network from specific origins and 

destinations, travel time evaluations for pre and post managed lane model runs, and an 

analysis of potential changes in modelled route choice after the implementation of 

dedicated access points to and from the Express Lane, the vehicle record data were 

selected with the parameters listed above.  It is important to make ensure that the write to 

file box is clicked for the data being collected.  When collecting vehicle record data, the 

modeler can select specific attributes utilized for analysis.  The eight variables selected 

for analysis are shown above.  It is important to minimize the number of variables 

selected for model runs because too many variables can lead to extended model run times 

and higher probabilities of a potential model crash.   

7.2.2 Simulation Parameters 

The simulation parameters include the simulation period, start time, simulation 

resolution, random seed, random seed increment, dynamic assignment volume increment, 

and simulation speeds.  For this work, two specific time periods were analyzed, namely 5 

A.M.- 8 A.M. and 8 A.M.-11 A.M.  Since these time periods are both three hours 

(10,,800 seconds) in duration, the simulation period used is 10,800 seconds (3 hours).  

Each model run is also specified by the toll charged to vehicles who choose to use the 

managed lane.  There are four model runs from 5 A.M.- 8 A.M. at the $0, $.20, $.50, and 

$1.00 per mile toll rates and four more model runs from 8 A.M.-11 A.M. with the same 
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toll rates.  Therefore, eight model runs are needed for the Post Condition simulation after 

the managed lane facility has been installed, while the Preïmanaged lane condition only 

requires model runs from 5 A.M. - 8 A.M. and 8 A.M. ï 11 A.M.  There is no tolling 

component for the preïmanaged lane model runs.  The simulation resolution used for this 

work was 10 steps per second. This level of resolution may not be necessary for most 

projects, but it was employed since there was an interest in capturing short trips whose 

total duration was less than two minutes.  To track vehicle numbers in two different 

models (pre and post) as in this case, the random seed should be set to the same value in 

both pre and post models and the random seed increment should remain zero.  The use of 

different random seeds randomizes the vehicle numbers and present barriers in 

comparing the modelled route choice of the same vehicle in two different models. 

7.2.3 Importance of Testing 

Testing model runs for one hour time periods proved invaluable and is 

recommended even at the early stages of work.  Initial testing with three- or six-hour runs 

may be prohibitive in terms of time and computer processing power.  There is significant 

value found in viewing the model while it runs for shorter time periods.  Indications 

about congestion in certain areas may point to an issue with signal timing, insufficient 

storage at intersections, problems with model geometry, and a plethora of other potential 

issues.  After the short model run is completed, an error file is generated which provides 

information about the areas of congestion.  Short model runs may also indicate changes 

that need to be made to model geometry, lane changing parameters, time of diffusion, 

vehicle safety factors, simulation parameters, and dynamic assignment parameters.  To 

get an initial snapshot of how the model is working, it is not necessary to collect vehicle 
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record data.  After some corrections are made, one should consider running the model 

again for an hour and collect vehicle record data to fine tune the model.  Going through 

this arduous process prior to the development of finalized runs saves both time and effort.  

 Model Run Data Components ï Vehicle Record Data 

The research objective examines whether reduced access to the general-purpose 

lane exits for Express Lane motorists and the deployment of new dedicated access points 

to and from the Express Lane impacts modelled route choice and total travel time.  

Several data elements must be analyzed in both the Pre (before managed lane 

implementation) and the Post Simulation Cases within VISSIM®.  A brief description of 

the model elements found within the Vehicle Record Data output are provided below for 

context: 

1. Simulation Second ï The number of seconds in the simulation run starting at 0 

seconds to the end of the simulation run e.g (three hours = 10,800 seconds) 

 

2. Number ï The assigned vehicle number which remains the same across each 

run if  the random seed value remains the same with zero specified as the 

random seed incremental value. 

 

3. Lane/Link/Number ï The corresponding link number in VISSIM® along with 

the lane where the vehicle is located at any point in time during the simulation 

run. 

 

4. Start Time (time of day) ï The time of day each vehicle enters the model. 

 

5. Speed (mph) ï The speeds of vehicles as they cross each link in the model. 

 

6. Origin Zone ï The zone at which the vehicle enters the model ï start time is 

known.  Origin and destinations zones are quantified within parking lots at 

each origin and destination point within the model.  

 

7. Destination Zone ï The zone at which the vehicle exits the model ï exit time is 

known. 
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8. Time in network (sec) ï The amount of time each vehicle stays in the model. 

 

9. Distance Traveled (ft) ï Distance traveled by each vehicle in the model. 

Simulation results are analyzed within the JMP® statistical software for all model 

runs.  The application of cost penalties and the expected impact on travel time 

savings are discussed in Section 7.3.1 and Section 7.3.2.  

 

7.3.1 Applying Cost Penalties Within Model Runs 

The writer assumes that motorists would choose to minimize their trip cost, especially 

if they are traveling to work during the A.M. rush hour periods.  The application of cost 

penalties (tolls per mile) along the Northwest Corridor managed lane network provides a 

way to analyse how route choice and travel time may change with new dedicated access 

points and under different cost penalties. The cost penalties applied for the models runs 

are briefly described below for the Post condition (after the managed lane was 

implemented): 

1. Model Run 1: $0 toll for using the managed lane from 5 A.M.-8 A.M. 

2. Model Run 2: $0 toll for using the managed lane from 8 A.M.-11 A.M. 

3. Model Run 3: $0.20 toll per mile for using the managed lane from 5 A.M.-8 A.M. 

4. Model Run 4: $0.20 toll per mile for using the managed lane from 8 A.M.-11 

A.M. 

5. Model Run 5: $0.50 toll per mile for using the managed lane from 5 A.M.-8 A.M. 

6. Model Run 6: $0.50 toll per mile for using the managed lane from 8 A.M.-11 

A.M. 

7. Model Run 7: $1.00 toll per mile for using the managed lane from 5 A.M.-8 A.M. 



199 

 

8. Model Run 8: $1.00 toll per mile for using the managed lane from 8 A.M.-11 

A.M. 

For the Pre-Condition simulation without the managed lane, there are no cost penalties 

which would be applied (as no toll exists), and Model Runs would collect the same 

vehicle record data.  The signal timings, lane changing behavior, dynamic assignment 

parameters, simulation parameters, and other settings are identical in both the post and 

pre-managed lane models.  For the pre-managed lane Condition, the following runs are 

performed, namely: 

1. Model Run 1: Collection of vehicle record data from 5 A.M. ï 8 A.M. for the 

entire network 

 

2. Model Run 2: Collection of vehicle record data from 8 A.M. ï 11 A.M. for the 

entire network 

The cost penalties of $0, $.20, $.50, and $1.00 per mile were applied to capture any 

potential changes in modelled route choice after the implementation of the Northwest 

Corridor managed lanes.  With trips originating from 118 zones, this work represents a 

wide distribution of origins and destinations that can provide insight on how much 

travellersô may be willing to pay in exchange for some travel time savings.  This research 

takes a wholistic view of the total travel time for trip origin to trip destination and 

incorporates the impact of travel on arterials.  While the results of the study are 

explicated in Chapter 8, it is unlikely that the managed lane is severely congested, as that 

phenomenon has not been observed empirically or throughout the initial model runs. 
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7.3.2 Expected Impact of Cost Penalties 

In examining the expected impact of cost penalties, it may be helpful to provide 

some context on the capacity of the managed lanes.  As constructed, each ólaneô of the 

managed lane can carry a capacity of approximately 1200 veh/hr, so they are not 

considered high occupancy toll (HOT) lanes, while the capacity of a freeway lane e.g. (I-

75) may carry at between 2,400-2,800 veh/hr/lane depending on network conditions.  The 

highest levels of demand are expected between 6 A.M. - 8 A.M. with dissipation of 

traffic starting to occur before 9 A.M. on the Interstate and arterials once home to work 

trips have been completed.  Most sections of I-75 are composed of six to eight lanes of 

through traffic, so it is unlikely that more than one lane of traffic from I-75 could divert 

into the two lanes of the managed lane with capacity of 1200 veh/lane, whose total 

capacity would be 2400 veh/hr for both lanes.  Furthermore, if such a situation were to 

exist, the managed lane would be at 100% capacity and likely be unable to handle 

additional traffic.  An assumption can be made that drivers are the most likely purchasers 

of transponders.  If the number of drivers (over three million) who live within Fulton, 

Gwinnett, Dekalb, Cobb, Clayton, Cherokee, and Henry counties were examined in 

comparison to the number of active transponders, the transponder penetration for drivers 

from those specific counties is unlikely to exceed 40% if all candidate drivers were found 

in the proposed network.  It is likely that only a small portion of this traffic would use the 

Northwest Corridor managed lane.   

At $.20, $.50, or a $1.00 toll per mile, the decision to divert into the managed lane may 

depend in part on the overall length of the trip, amount of travel time savings, traffic 

demand, and the opportunity costs associated with making the choice to divert, especially 
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at the $.50 and $1.00 per mile toll rates.  The opportunity costs associated with making 

another choice become more prevalent as the toll rates per mile increases.  As the toll rate 

per mile increases, there is an expectation that demand for the managed lane decreases.  

Secondly, as mentioned above in the $0 per mile toll rate discussion, it is expected that 

diversion into the managed lane increases if it is offered free of charge and offers some 

travel time saving benefit.  If the managed lane becomes congested without any travel 

time benefits, then utilizing the managed lane may not be beneficial even if provided at 

no charge.  Thirdly, even if the managed lane does offer some travel time benefit, the 

distance from the managed lane exit to the trip destination may impact the decision-

making process to divert into the managed lane due to potential delays attributed to 

arterial traffic.  If, for instance, the managed lane saves five minutes of travel time, but 

there is some delay before entering or after exiting the managed lane due to arterial 

congestion, the probability of diverting into the managed lane may decrease even though 

some travel time savings are accrued for a small portion of the trip while the driver 

travels on the managed lane.  If longer travel times from trip origin to trip destination 

occur even when using the managed lane, this may indicate lower importance of travel 

time savings.  Fourthly, there are constraints on how many vehicles can divert into the 

managed lane due to its limited capacity.  Fifthly, there is an assumption that motorists 

are rational and make decisions to reduce their costs of travel.  There may be situations 

where conscious travel decisions are not actively being made to reduce the costs of a trip 

because motorists normally either óalwaysô use the managed lane or óneverô use the 

managed lane.   
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 Proposed Data Relationships 

To capture any potential changes in modelled route choice after the implementation 

of the Northwest Corridor managed lane, it is important to introduce the variables 

examined within the data analysis.  Those relationships are defined within small case 

studies, which depend on data provided within the vehicle record data output from 

VISSIM® in the following sections.  A list of variables used in the data analysis are 

provided below, namely,   

1. Simulation Second ï The number of seconds in the simulation run starting at 0 

seconds to the end of the simulation run e.g (two hours = 7,200 seconds) 

 

2. Number ï The assigned vehicle number which remains the same across each run 

if  the random seed value remains the same with zero specified as the random seed 

incremental value. 

 

3. Lane/Link/Number ï The corresponding link number in VISSIM® along with the 

lane where the vehicle is located at any point in time during the simulation run. 

 

4. Start Time (time of day) ï The time of day each vehicle enters the model. 

 

5. Speed (mph) ï The speeds of vehicles as they cross each link in the model. 

 

6. Origin Zone ï The zone at which the vehicle enters the model ï start time is 

known.  Origin and destinations zones are quantified within parking lots at each 

origin and destination point within the model.  

 

7. Destination Zone ï The zone at which the vehicle exits the model ï exit time is 

known. 

 

8. Time in network (sec) ï The amount of time each vehicle stays in the model. 

 

9. Distance Traveled (ft) ï Distance traveled by each vehicle in the model. 

The analysis focuses on whether the implementation of the managed lane impacts total 

travel time for routes which utilize the managed lane, meaning whether vehicles diverted 

into the managed lane.  If diversion into the managed lane occurs, this indicates a change 
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in the modelled route choice.  Origin-Destination trips are matched within VISSIM®, 

meaning that the same vehicles that made their trip prior to the implementation of the 

managed lane are tracked after the implementation of the managed lane via their 

respective vehicle numbers.  The respective trip origins and destinations remain the same 

both before and after the implementation of the managed lane.  The purpose of tracking 

these vehicles is to ascertain whether their respective total travel times from trip origin to 

trip destination changed after the implementation of the managed lane.  The difference in 

travel times is computed for both time periods of analysis, namely, 5 A.M. ï 8 A.M. and 

8 A.M. ï 11 A.M. for each tolling condition ($0, $.20, $.50, and $1.00) per mile.  The 

total travel time from trip origin to trip destination can be tracked in VISSIM® for each 

vehicle choosing the managed lane by taking the difference in either the time in network 

(sec) or Simsec variables in VISSIM® described above.   

 Summary 

Chapter 7 discusses the development of model runs for tolls per mile of $0, $.20, 

$.50, and $1.00.  An implicit assumption is made that motorists who make longer trips 

may be more willing to pay a toll.  Section 7.1.1 briefly described the convergence 

criterion employed for dynamic assignment, where the pre models converged at 80% for 

travel time differences at subsequent runs, while the post managed lane models 

converged at 75%, probably due to the size of the model and the introduction of the 

managed lane, which added more stochastic variation.  Sections 7.1.2. described the 

model runs, which includes model runs being analysed by time of day and charged toll, 

and some discussion about the importance of the time of diffusion and safety reduction 

factor model results.  Section 7.2 provided information about the model setup including 
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dynamic assignment parameters, vehicle record data variables, simulation parameters, 

and a recommended to perform short test runs prior to developing finalized model runs.  

Section 7.3 addressed the application of cost penalties and their expected impact on 

model results. Section 7.4 defined some proposed relationships to be considered for 

analysis, namely, consideration of travel time savings for trips by time of day and 

expected impacts under heterogeneous tolls.   Chapter 7 sets the stage for the model 

results, which are presented as a set of unique case studies in Chapter 8.  Sixteen small 

case studies are utilized for analysis as they provide a better picture of how modelled 

route choice may change as opposed to a series of graphs which cannot disentangle the 

impact of arterial congestion, which leads to situations where positive and negative travel 

time savings are accrued by vehicles utilizing the managed lane during both study time 

periods.  
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CHAPTER 8. CASE STUDY ï MODEL RESULTS 

 Model Results Overview 

The purpose of this work is to analyze how location differences and potential travel 

time differences resulting from the new dedicated access points to and from the Express 

Lane impacts modelled route choice within a simulation from trip origin to trip 

destination after the implementation of the Northwest Corridor managed lane.  

Importantly, after motorists enter the managed lane, they cannot access general purpose 

exits.  From this point onward, the term ómanaged laneô is used to describe the toll cases 

for the sake of redundancy.  The simulation model results consider both study time 

periods (5 A.M.-8 A.M., 8 A.M.-11 A.M.) and all toll rates per mile ($0, $.20, $.50, and 

$1.00).  The following questions are examined through the model results:  

1. Did vehicles which utilized the managed lane for a portion of their trip experience 

travel time savings? 

2. How can the model results be used to develop tolling models which address left 

entrance managed lane implementations? 

The model shows mixed results in terms of travel time savings from trip origin to trip 

destination across all toll rates.  In some cases, users of the managed lane experienced no 

travel time savings or negative travel time savings due to arterial congestion or 

slowdowns at managed lane Interstate entrances.  Interestingly, a few situations arose 

within the simulation where the same vehicle utilized a slightly different path to the same 

destination under different toll penalties, likely in response to arterial congestion along 
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the travel corridor.  The results are explicated in three case studies to ascertain whether 

there is significant variation for trip travel times across time of day and under 

heterogeneous demand and toll rate charges per mile.  The three major case studies 

consist of a total of 16 representative vehicles.  Interestingly, the results indicate that in 

certain instances the travel times for vehicles using the managed lane were higher when 

compared to the scenario without the managed lane.  Since the managed lane was 

relatively uncongested for most model runs, the ónegativeô difference in travel time may 

be attributed to both congestion along the arterial routes and queuing at the managed lane 

entrances. Detailed analysis of the case studies is provided in Section 8.2, however, a 

brief description of the case studies for each studied route for both the 5 A.M. - 8 A.M. 

and 8 A.M. - 11 A.M. time periods are provided below for vehicles that utilized the 

managed lane for a portion of their trip: 

1. Case Study #1: Vehicles which enter the model at I-75SB (Zone 10), just east of 

the managed lane entry near Hickory Grove Road and exit at Fairground Street 

SB (Zone 54). 

2. Case Study #2: Vehicles entering the model at Main Street (Zone 96) which exit 

at Powers Ferry Road NB (Zone 69) 

3. Case Study #3: Vehicles that utilize the slip lane managed lane entry just south of 

Chastain Road. This case captures vehicles traveling from various origins and 

destinations. 

Motorists taking longer trips may care more about travel time savings, while shorter trips 

may be taken without concern about travel time savings. The respective total travel times 

and travel time savings for vehicle trips in both the Pre and Post tolling models were 
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matched by vehicle numbers within VISSIM® for all cases. The random seed and random 

seed increment used for the model runs were one and zero, respectively, to ensure that the 

same vehicle numbers were used in the analysis across model runs.     

Section 8.2 provides descriptions of the case studies, while further subsections 

examine the path progressions of short trips and long trips at various locations along the 

corridor and provide representative case studies which trace the routes of vehicles which 

utilized the managed lane for a portion of their trips.  The number of vehicles deciding to 

the managed lane were greatest at a zero-dollar toll, however, the greatest travel time 

savings were typically not found at the zero-dollar toll level due to increased demand for 

the managed lane. Sections 8.2 through 8.4. provide results of the case studies and consist 

of both a routing and tolling summary for each of the sixteen representative vehicles.  

Section 8.5 discusses how data collected from the vehicle record utility may be used to 

inform the development of tolling models.  Deriving an imputed VOT distribution is 

beyond the scope of this work because some motorists experience negative travel time 

savings when using the managed lane.  VOT distributions would need to be modified to 

account for the experience of negative travel time savings.  Additional information is 

needed to adequately estimate their individual Values of Time (VOT) since the value of 

time cannot be truly derived through positive travel time savings.    

 Case Study Descriptions 

The prevalence of negative travel time savings for several origin-destination trips 

for users of the managed lane necessitates further analysis of the respective paths 

followed by a representative portion of the 150,000 vehicles in the network.  VISSIM® 
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seeks to find an optimal route for all vehicles at the beginning of each simulation run, not 

on a turn-by-turn basis due to the impracticality of that decision making process.  

Providing routing choices at a turn-by-turn level was not recommended in the literature. 

The lane changing parameters, time of diffusion, car following models, and model 

settings were identical in both the pre and post managed lane VISSIM® models.  While 

an analysis of several hundreds of vehicle path progressions is prohibitive, it has been 

useful to identify their origins, destinations, and paths for a representative sample of 

vehicles experiencing both negative and positive travel time savings to identify some 

behavioral patterns for both the 5 A.M. ï 8 A.M. and 8 A.M. ï 11 A.M. time periods.  

Throughout the model runs, the Northwest Corridor managed lanes experienced some 

speed slowdowns near Roswell Road with excess available capacity available under all 

tolling conditions.   

The first route begins at the northwestern boundary of I-75SB (zone 10), approximately 

three miles northwest of the managed lane entrance at Hickory Grove Road.  Vehicles 

utilize the managed lane entrance at Hickory Grove Road and travel to Fairground Street 

SB (zone 54) into the area containing the military base, which serves as the primary 

attraction of trips in that area. This location is characterized by an origin represented by I-

75SB, which terminates along an arterial route (Fairground Street SB).  The second route 

examined begins at Main Street SB (Zone 96), just south of Kennesaw State University. 

Vehicles enter the managed lane at the Big Shanty Road entrance, exiting the managed 

lane at Roswell Road before proceeding to Powers Ferry Road (Zone 69).  The area 

where vehicles exit contains a shopping mall, eating establishments, a Planet Fitness 

gym, Avis Car Rental Store, Goodwill Thrift Store, and the Andretti Driving Experience. 
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Vehicles can also potentially travel through the mall area northbound if an alternate route 

is needed to access Gresham Road, which is not found within the model boundaries.  The 

third route to be analyzed is for vehicles utilizing the slip lane entrance to the managed 

lane, just south of Chastain Road.  Trips from a variety of origins and destinations are 

captured in this case to assess whether trip length may serve as a significant predictor of 

travel time savings.  Results from the managed lane models are compared to the PRE 

managed lane models to assess any routing changes and travel time savings that are 

observed for the same period. To ensure the validity of the data output, 224 vehicle trips 

were matched between the PRE managed lane and POST managed lane models through 

checking the vehicle numbers, time of entry into the models, and ensuring the same 

vehicle origins and destinations. The number of vehicle trips was organized by both route 

and time periods as shown below:    

1. I-75SB to Fairground Street SB (31 trips from 5 A.M.-8 A.M., 23 trips from 8 

A.M.-11 A.M.) 

2. Main Street SB to Powers Ferry Road NB (95 trips from 5 A.M.-8 A.M., 80 trips 

from 8 A.M.-11 A.M.) 

3. Vehicles that utilize the slip lane managed lane entry just south of Chastain Road 

without respect to origin or destination (49 trips from 5 A.M.- 8 A.M., 74 trips 

from 8 A.M. - 11 A.M.) 

Sixteen vehicles, which took a total of 80 representative trips, are selected for analysis to 

achieve some level of brevity since providing hundreds of tables and graphs would be 

prohibitive. Section 8.2.1 provides a description of the organization of the case studies.  

Appendix A includes selected Speed and Distance vs. time plots for the Pre managed lane 
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and Tolled cases.  Presenting eighty additional graphs within the Appendix may not add 

significant value. 

8.2.1 Organization of Case Studies 

For each case study, the vehicle number, time of day at which the vehicle started 

their trip, description of the path traveled from origin to destination, total travel time, and 

the respective travel times vehicles spend on the arterials, Interstate, and managed lane 

are used to describe each trip.  Additionally, the proportion of the total travel time, travel 

distance, and average speeds on arterials, Interstates, and the managed lane are 

quantified.  If the % travel distance for a specific facility (arterial, ML, or Interstate) is 

small but the % travel time is exceeding large, some conclusions can be made about 

averages speeds along certain sections of each route.  These parameters are featured in 

the discussion of the analysis.  The following parameters are quantified on all facilities 

(arterial, Interstate, managed lane), namely, the distance and travel times, travel time and 

distance share percentages, average speeds, and travel time savings or losses.  Some 

Speed and Distance vs. time plots for some cases presented are included in Appendix A, 

as the total amount of graphs would be unnecessarily exhaustive. 

8.2.2 Case Study #1: I-75 SB to Fairground Street (5 A.M.-8 A.M.)  

Vehicles 85902 and 86065 were selected for analysis as they were part of a subset 

of vehicles which utilized the managed lane at each of the five toll rates charged per mile 

($0, $.20, $.50, and $1.00) and are a good representation of the 31 vehicle trips initially  

chosen for analysis during the 5 A.M. ï 8 A.M. time periods. This area was of interest to 

the researcher as all vehicles which exited at Fairground St entered a military installation 
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with only one apparent entrance (just south of South Cobb Drive). There were several 

cases when vehicles chose the managed lane at the $0/mile rate for this route and then 

abandoned use of the managed lane once a real toll penalty greater than $0 per mile was 

implemented.  Those trips do not provide fertile ground for detailed analysis as their 

modelled route choice cannot be estimated under heterogeneous tolling conditions.  The 

results include the distance and travel time share percentages (expressed as decimals) to 

quantify the amount of travel time and distance vehicles spent on all facilities (arterial, 

Interstate, ML) before and after the implementation of the managed lane. 

8.2.3 Vehicle 85902: Routing Progression 

For the pre-managed lane case, Vehicle 85902 entered the model at 6:33:58 A.M. 

with the following route progression.  The vehicle begins its trip at I-75 SB until taking 

the I-75 SB exit ramp toward the Canton Connector, traveling southbound on Church 

Street until making a SB right onto Waverly Way, then making a right turn onto Atlanta 

St until reaching the intersection with S Cobb Drive, where the vehicle makes a left turn 

onto S Cobb Drive EB, then turning right onto Fairground St SB and terminating.  

For all the POST managed lane cases, Vehicle 85902 begins its trip at I-75SB, entering 

the managed lane at Hickory Grove Road, then exits the managed lane at Roswell Rd, 

traveling westbound on Roswell Road until making a left turn onto Winters Street SB, 

then enters Waverly Way EB, making a right turn onto Atlanta St SB until it reaches the 

intersection with South Cobb Drive, making a left onto South Cobb Drive EB, and finally 

making a right turn onto Fairground St SB and terminating the trip.  After the 

implementation of the $0, $.20, $.50, and $1.00 per mile tolls, Vehicle 85902 did not vary 
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its modelled route choice.  The differences in modelled route choice between the PRE 

and POST conditions boiled down to the vehicle utilizing the Canton Connector from I-

75 SB to Church Street, eventually accessing South Cobb Drive towards Fairground St as 

opposed to accessing the managed lane at Hickory Grove, then exiting the managed lane 

at Roswell Road towards Atlanta Street SB towards South Cobb Drive.  The following 

sections detail some evaluation metrics, including distance, travel time, and average 

speed for each facility (arterial, Interstate, managed lane). 

8.2.4 Vehicle 85902: Tolling Summary 

The tolling summary in Table 13 provides the travel distances, travel times, and 

average speeds for Vehicle 85902 across each facility (Interstate, arterial, and managed 

lane).  In addition, the evaluation variables of trip share travel times and distances were 

introduced to capture the percentage of time and distance (expressed as a decimal) 

Vehicle #85902 spent on each facility.   

Table 13: Tolling Summary - Vehicle 85902 

 Tolling Summary (5 A.M.  -8 A.M.) PRE 0 toll 20 toll 50 toll  100 toll 

Vehicle # 85902 85902 85902 85902 85902 

Arterial Distance (mile) 3.63 3.84 3.83 3.83 3.83 

Interstate Distance (mile) 11.25 3.47 3.47 3.46 3.46 

managed lane Distance (miles) x 10.07 10.07 10.08 10.07 

Total Distance (miles) 14.87 17.37 17.37 17.37 17.37 

Arterial Travel Time ( minutes) 6.95 7.22 6.75 8.00 10.68 

Interstate Travel Time (minutes) 10.92 5.79 6.34 7.49 5.60 

ML Travel Time ( minutes) x 10.27 10.73 12.37 11.07 

Total Travel Time (minutes) 17.87 23.27 23.82 27.85 27.35 

Arterial Trip Share Distance 0.24 0.22 0.22 0.22 0.22 

Interstate Trip Share Distance 0.76 0.20 0.20 0.20 0.20 

ML Trip Share Distance x 0.58 0.58 0.58 0.58 

Arterial Trip Share Travel Time  0.39 0.31 0.28 0.29 0.39 
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Interstate Trip Share Travel Time 0.61 0.25 0.27 0.27 0.20 

ML Trip Share Travel Time  x 0.44 0.45 0.44 0.40 

Average Speed Total Trip  (mph) 49.93 44.78 43.73 37.40 38.12 

Average Speed - Interstate  (mph) 61.77 35.98 32.85 27.75 37.20 

Average Speed - Arterials  (mph)  31.30 31.91 34.04 28.74 21.53 

Average Speed - managed lane (mph) x 58.81 56.27 48.86 54.60 

Travel Time Savings (minutes) x -5.40 -5.95 -9.98 -9.48 

Time of Entry (A.M.) 6:33:58 6:38:16 6:37:38 6:37:07 6:38:28 

 

Figure 31: Vehicle 85902 Distance vs. Time Plot 

For instance, Table 13 shows that in the pre-managed lane case, Vehicle #85902 spent 

76% of its total travel distance on Interstates, while under all the managed lane tolling 

cases, only 20% of the total travel distance was spent traveling on Interstates, 

representing a 56% diversion of traffic from Interstates after the implementation of the 

managed lane and a corresponding, however, small diversion of 2% from arterials to the 

managed lane.  Interestingly, the pre-managed lane case showed an average Interstate 
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speed along I-75 of approximately 61.77 mph, however, after the implementation of the 

managed lane, these average Interstate speeds were reduced significantly. This slowdown 

can be attributed to vehicles participating in merging and lane changing behaviors in 

advance of the managed lane entrance at Hickory Grove Road.  The geometric constraints 

imposed by locating the managed lane entrance on the left-hand side of the Interstate may 

have led to variability in speeds between the leading and the following vehicles. Figure 

31 above displays the Distance vs. Time plots at the pre-managed lane and tolled cases 

where travel times varied from 17.87 minutes in the Pre managed lane case and 23.27 

minutes, 23.82 minutes, 27.85 minutes, and 27.35 minutes for the $0, $.20, $.50, and 

$1.00 per mile toll cases. Another distinction unique to this case was the distance traveled 

on I-75 in the pre-managed lane case was 11.25 miles with high average speeds as 

opposed to 3.47 miles of distance traveled for the tolled cases. The speeds along arterial 

routes were not significantly different, except in the case of the $1.00/mile toll which is 

attributed to reduced speeds along Roswell Road after exiting the managed lane.  Another 

factor impacting travel time savings is the total distance traveled in the pre-managed lane 

case (14.87 miles) as opposed to an additional 2.5 miles traveled after the implementation 

of the managed lanes (17.37 miles).  The extra distance traveled does impact the 

probability of travel time savings.  For this specific case, Vehicle #85902, travel time 

losses between 5.4 and 9.48 minutes may be due to the reduced Interstate speeds after 

managed lane implementation and the extra travel distance needed to reach the 

destination.  Changes in arterial speeds or arterial distance share were not significantly 

different for either the pre-managed or the tolled cases. 
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8.2.5 Vehicle 86065: Routing Progression 

The origin (I-75SB just west of Hickory Grove Road) and destination (Fairground 

Street SB) remain the same.  Vehicle 86065 entered the model at 6:41:37 A.M. with the 

following route progression in the Pre-Case.  The vehicle begins its trip at I-75 SB until 

taking the I-75 SB ramp toward the Canton Connector, traveling southbound on Church 

Street until making a SB right onto Waverly Way, then making a right turn onto Atlanta 

St traveling SB, then making a left onto South Marietta Parkway. The vehicle travels 

along South Marietta Parkway EB where it turns right onto Fairground Street SB and 

terminates.  This routing progression is slightly different than that of Vehicle #85902 

given the decision to utilize South Marietta Parkway as opposed to traveling down 

Atlanta Street and turning left onto South Cobb Drive to access Fairground Street.  For 

the managed lane cases, Vehicle 86065 starts its journey at I-75 SB, accessing the 

managed lane at Hickory Grove Road entrance, traveling to the Roswell Road managed 

lane exit, then traveling westbound on Roswell Road to the intersection with Fairground 

St.  Vehicle 86065 then turns left onto Fairground Street, traveling SB and then 

terminates.  There is some difference in routing with Vehicle 85902 where the vehicle 

traveled SB on Atlanta Street, accessing Fairground St from South Cobb Drive.   

8.2.6 Vehicle 86065: Tolling Summary 

The tolling summary in Table 14 provides the travel distances, travel times, and 

average speeds for Vehicle 86065 across each facility (Interstate, arterial, and managed 

lane).  Table 14 shows that in the pre-managed lane case, Vehicle 86065 spent 75% of its 

total travel distance on Interstates and 25% on arterial routes, while under all tolling 
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regimes, only 22% of the total travel distance was spent traveling on Interstates, 

representing a 53% diversion of traffic from Interstates after the implementation of the 

managed lane and a corresponding, however, small diversion of nine percent from 

arterials to the managed lane.  

Table 14: Tolling Summary - Vehicle 86065 

Tolling Summary (5 A.M. -8 A.M.) PRE 0 toll 20 toll 50 toll  100 toll 

Vehicle # 86065 86065 86065 86065 86065 

Arterial Distance (mile) 3.70 2.27 2.27 2.27 2.27 

Interstate Distance (mile) 11.26 3.47 3.47 3.47 3.47 

managed lane Distance (miles) x 10.07 10.06 10.07 10.07 

Total Distance (miles) 14.96 15.80 15.80 15.80 15.81 

Arterial Travel Time ( minutes) 9.87 9.77 8.15 8.83 8.78 

Interstate Travel Time (minutes) 10.80 7.76 6.83 7.79 6.96 

ML Travel Time ( minutes) x 12.43 11.65 13.57 14.17 

Total Travel Time (minutes) 20.67 29.96 26.63 30.19 29.91 

Arterial Trip Share Distance 0.25 0.14 0.14 0.14 0.14 

Interstate Trip Share Distance 0.75 0.22 0.22 0.22 0.22 

ML Trip Share Distance x 0.64 0.64 0.64 0.64 

Arterial Trip Share Travel Time  0.48 0.33 0.31 0.29 0.29 

Interstate Trip Share Travel Time 0.52 0.26 0.26 0.26 0.23 

ML Trip Share Travel Time  x 0.42 0.44 0.45 0.47 

Average Speed Total Trip  (mph) 43.42 31.66 35.62 31.41 31.73 

Average Speed - Interstate  (mph) 62.48 26.82 30.50 26.71 29.90 

Average Speed - Arterials  (mph)  22.53 13.96 16.75 15.40 15.54 

Average Speed - managed lane (mph) x 48.58 51.83 44.55 42.64 

Travel Time Savings (minutes) x -9.29 -5.96 -9.52 -9.24 

Time of Entry (A.M.) 6:41:37 6:48:25 6:48:39 6:48:11 6:48:35 
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Figure 32: Vehicle 86065 Distance vs. Time plot 

Interestingly, the pre-managed lane case showed an average Interstate speed along I-75 of 

approximately 62.48 mph, however, after the implementation of the managed lane, these 

average Interstate speeds were reduced significantly.  Arterial speeds were also six to 

nine mph slower under the tolled cases than the pre-managed lane case as indicated in 

Figure 32, where the travel times in network are significantly different, except for the 

$.20 toll per mile case.  Given that the time of entry for the managed lane cases was 

approximately 6:48am and arterial travel times are two to three minutes higher to traverse 

the same 3.47 mile arterial, the congestion along Roswell Road got significantly worse 

once Vehicle 86065 exited the managed lane at Roswell Road between 7:07 A.M. and 

7:10 A.M., depending on the tolling regime.  Travel time losses at the $0, $.20, $.50, and 

$1.00 per mile toll were 9.29 minutes, 5.96 minutes, 9.52 minutes, and 9.24 minutes, 

respectively. managed lane speeds were approximately four to twelve mph lower when 
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compared to managed lane speeds for Vehicle 85902.  At the $.20/mile tolling level, 

travel time losses were reduced to approximately 6 minutes due to managed lane speeds 

of 51.83 mph, a three mph to nine mph increase over the other tolling regimes. Since 

arterial and Interstate speeds were both lower under each tolling regime, travel time 

losses resulted.  

8.2.7 Case Study #1 I-75 SB to Fairground Street SB (8 A.M. ï 11 A.M.) 

Vehicles 79549 and 80386 utilized the managed lane at each of the five toll rates 

charged per mile ($0, $.20, $.50, and $1.00) for the same origin and destination noted in 

case study 1a.  These vehicles are a good representation of the sample chosen for analysis 

during the 8 A.M. ï 11 A.M. time periods.  There were only a few cases when vehicles 

chose the managed lane at the $0/mile rate and then abandoned use of the managed lane 

once a toll penalty was implemented during the 8 A.M. ï 11 A.M. period of analysis.  

8.2.8 Routing Progressions: Vehicle# 79549 and Vehicle# 80386 

These vehicles started its trip on I-75 SB, exited at the I-75 SB exit towards the 

Canton Connector, turned right onto Waverly Way and then right onto Atlanta Street, 

before turning left onto S. Cobb Drive towards Fairground Street SB where the trip 

terminated for the pre-managed lane case.  The managed lane cases ($0, $.20, $.50, and 

$1.00 toll levels) utilize the same path for vehicle 79549 beginning its trip at I-75SB near 

Hickory Grove Rd, entering the ML exit at Hickory Grove Road, traveling on the ML 

until the Roswell Road exit, exiting onto Roswell Road WB until the intersection with 

Fairground St, where it travels SB and terminates just south after passing S. Cobb Drive. 
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8.2.9 Tolling Summary: Vehicle 79549 

The tolling summary in Table 15 provides the travel distances, travel times, and 

average speeds for Vehicle 79549 across each facility (Interstate, arterial, and managed 

lane).   

Table 15: Tolling Summary - Vehicle 79549 

 Tolling Summary (8 A.M.  ï 11 A.M.) PRE 0 toll 20 toll 50 toll  100 toll 

Vehicle # 79549 79549 79549 79549 79549 

Arterial Distance (mile) 4.49 2.27 2.26 2.27 2.27 

Interstate Distance (mile) 10.38 3.46 3.47 3.46 3.47 

managed lane Distance (miles) xx 10.08 10.07 10.08 10.07 

Total Distance (miles) 14.87 15.81 15.80 15.81 15.81 

Arterial Travel Time ( minutes) 13.08 8.22 6.52 7.03 8.25 

Interstate Travel Time (minutes) 10.88 11.06 9.75 10.94 10.89 

ML Travel Time ( minutes) xx 11.28 11.20 12.62 11.58 

Total Travel Time (minutes) 23.97 30.56 27.46 30.59 30.73 

Arterial Trip Share Distance 0.30 0.14 0.14 0.14 0.14 

Interstate Trip Share Distance 0.70 0.22 0.22 0.22 0.22 

ML Trip Share Distance xx 0.64 0.64 0.64 0.64 

Arterial Trip Share Travel Time  0.55 0.27 0.24 0.23 0.27 

Interstate Trip Share Travel Time 0.45 0.36 0.35 0.36 0.35 

ML Trip Share Travel Time  xx 0.37 0.41 0.41 0.38 

Average Speed Total Trip  (mph) 37.24 31.04 34.53 31.01 30.87 

Average Speed - Interstate  (mph) 57.23 18.80 21.38 18.99 19.13 

Average Speed - Arterials  (mph) 20.59 16.58 20.85 19.38 16.51 

Average Speed - managed lane (mph) xx 53.55 53.92 47.91 52.14 

Travel Time Savings (minutes) xx -6.59 -3.50 -6.63 -6.76 

Time of Entry (A.M.) 8:25:32 8:36:43  8:36:32 8:36:41 8:36:33  

Table 15 shows that in the pre-managed lane case, Vehicle #79549 spent 70% of its total 

travel distance on Interstates and 30% on arterial routes, while under all tolling regimes, 

only 22% of the total travel distance was spent traveling on Interstates, representing a 

48% diversion of traffic from Interstates after the implementation of the managed lane 

and a corresponding, however, significant diversion of 64% of travel distance diverted to 
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the managed lane in all the tolled cases.  Interstate distance traveled for the toll cases 

were 2.27 miles as opposed to 10.38 miles in the pre-managed lane case.   Interestingly, 

the pre-managed lane case showed an average Interstate speed along I-75 of 

approximately 57.23 mph over the 10.38-mile distance, however, after the 

implementation of the managed lane, these average Interstate speeds were reduced 

significantly for the tolled cases due to queueing the entrance to the managed lane as 

vehicles merged from right to left towards the managed lane entrance.  At the $0.20 toll 

level, the travel time loss is the lowest due to improved average arterial and managed lane 

speeds.  While not conclusive, it appears that the $.20 toll may yield a more optimal 

situation for travel time savings, potentially because travel demand in the managed lane 

increases significantly at the $0 toll level, which would be expected to reduce travel time 

savings. 
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Figure 33: Vehicle 79549 Distance vs. Time plot 

Since the Interstate distance under the tolled cases was only 3.46 miles, which represents 

the distance from trip origin to the managed lane entry point, average Interstate speeds 

were impacted due to queueing at the managed lane entry point. Figure 33 shows that the 

$.20 toll case appears to be the optimal tolling case, having only a 3.50 travel time saving 

loss.  Average arterial speeds were reduced by about four mph slower under all tolled 

cases, except the 20-cent toll level, where the average arterial speeds were slightly higher 

as shown in Table 18.  Travel time losses at the $0, $.20, $.50, and $1.00 per mile toll 

were 6.59 minutes, 3.50 minutes, 6.63 minutes, and 6.76 minutes despite being 64% of 

the travel distance being diverted to the managed lane in all tolled cases.  The queueing 

experienced by Vehicle 79549 on I-75 SB just west the ML entry was primarily 

responsible for the negative travel time savings.  The Distance vs. Time plot above shows 

queueing from 100-450 seconds after Vehicle 79549 entered the model.  
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8.2.10  Tolling Summary: Vehicle 80386 

The tolling summary for Vehicle #80386 is provided below in Table 16. The 

tolling summary shown in Table 16 provides the travel distances, travel times, and 

average speeds for Vehicle 80386 across each facility (Interstate, arterial, and managed 

lane). Table 19 shows that in the pre-managed lane case, Vehicle 80386 spent 70% of its 

total travel distance on Interstates and 30% on arterial routes, while under all tolling 

regimes, only 22% of the total travel distance was spent traveling on Interstates, 

representing a 48% diversion of traffic from Interstates after the implementation of the 

managed lane and a corresponding, however, significant diversion of 64% of travel 

distance diverted to the managed lane in all the tolled cases.   

Table 16: Tolling Summary-Vehicle 80386 

Tolling Summary 8 A.M.-11 A.M. PRE 0 toll 20 toll 50 toll  100 toll 

Vehicle # 80386 80386 80386 80386 80386 

Arterial Distance (mile) 4.52 2.28 2.28 2.28 2.29 

Interstate Distance (mile) 10.36 3.46 3.46 3.47 3.46 

managed lane Distance (miles) xx 10.06 10.06 10.05 10.06 

Total Distance (miles) 14.88 15.80 15.80 15.80 15.81 

Arterial Travel Time ( minutes) 14.40 9.03 10.35 7.22 8.10 

Interstate Travel Time (minutes) 9.99 20.08 18.46 18.78 20.39 

ML Travel Time ( minutes) xx 10.87 10.77 10.42 11.50 

Total Travel Time (minutes) 24.39 39.98 39.58 36.41 39.99 

Arterial Trip Share Distance 0.30 0.14 0.14 0.14 0.14 

Interstate Trip Share Distance 0.70 0.22 0.22 0.22 0.22 

ML Trip Share Distance xx 0.64 0.64 0.64 0.64 

Arterial Trip Share Travel Time  0.59 0.23 0.26 0.20 0.20 

Interstate Trip Share Travel Time 0.41 0.50 0.47 0.52 0.51 

ML Trip Share Travel Time  xx 0.27 0.27 0.29 0.29 

Average Speed Total Trip (mph) 36.59 23.71 23.96 26.05 23.72 

Average Speed - Interstate (mph) 62.20 10.35 11.28 11.10 10.20 

Average Speed - Arterials (mph)  18.81 15.11 13.10 18.96 16.90 
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Average Speed - managed lane (mph) xx 55.52 55.98 57.86 52.46 

Travel Time Savings xx -15.59 -15.18 -12.02 -15.59 

Time of Entry (A.M.) 9:09:37  9:25:29 9:25:54 9:25:46 9:25:31  

Interstate distance traveled for the toll cases were 2.28 miles as opposed to 10.36 miles in 

the pre-managed lane case.  Interestingly, the pre-managed lane case showed an average 

Interstate speed along I-75 of approximately 62.20 mph over the 10.36-mile distance, 

however, after the implementation of the managed lane, these average Interstate speeds 

were reduced significantly for the tolled cases due to queueing the entrance to the 

managed lane as vehicles merged from right to left towards the managed lane entrance.  

Since the Interstate distance under the tolled cases was only 3.46 miles, which represents 

the distance from trip origin to the managed lane entry point, average Interstate speeds 

were impacted due to queueing at the managed lane entry point. As shown below in 

Figure 38 for Vehicle 80386, the time in network increases from 200-900 seconds in the 

model and represents queuing that occurs just west of the managed lane entrance at 

Hickory Road despite the charged toll rate.  After entering the managed lane, Vehicle 

80386 traveled on the managed lane for 10.06 miles at speeds between 52-56 mph.  

Average arterial speeds were three to five mph slower under all tolled cases, except the 

50-cent toll level, where the average arterial speeds were slightly higher.   
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Figure 34: Vehicle 80386 Distance vs. Time plot 

Travel time losses at the $0, $.20, $.50, and $1.00 per mile toll were 15.59 minutes, 15.18 

minutes, 12.02 minutes, and 15.59 minutes despite 64% of the travel distance being 

diverted to the managed lane in all tolled cases. A confounding factor in this case is the 

sixteen-minute gap that exists from the time Vehicle 80386 entered the model in the Pre 

Case compared to the Post managed lane case.  While Vehicle 80386 has the same origin 

and destination in the Pre and Post cases, changes to demand within that sixteen-minute 

gap could exacerbate the travel time losses. The intensive queueing experienced by 

Vehicle 80386 on I-75 SB just west the ML entry was primarily responsible for the 

negative travel time savings as indicated by the horizontal displacement between the pre-
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managed and tolled cases shown in Figure 34. The queues continued to grow in this area 

from around 820am even before Vehicle 79549 entered the model.   

 Case Study #2 Description 

Case Study 2 examines trips which originate on Main Street and exit at Powers 

Ferry Rd, traveling northbound.  This route examined begins at Main Street SB (Zone 

96), just south of Kennesaw State University. Vehicles enter the managed lane at the Big 

Shanty Road entrance, exiting the managed lane at Roswell Road before proceeding to 

Powers Ferry Road (Zone 69).  The area where vehicles exit contains a shopping mall, 

eating establishments, a Planet Fitness gym, Avis Car Rental Store, Goodwill Thrift 

Store, and the Andretti Driving Experience.  The routes and travel characteristics for 

Vehicles 28052, 28105, 28274 are analyzed for the 5 A.M.- 8 A.M. time periods, while 

the 8 A.M. - 11 A.M. time periods feature Vehicles 26314, 26327, and 26505.  

Interestingly, unlike Case 1, almost all tolled routes experienced travel time savings after 

the implementation of the managed lane. 

8.3.1 Routing Progressions Case#2: Main Street to Powers Ferry Road (5 A.M.-8 A.M.) 

For the pre-managed lane case, Vehicles 28052, 28105, and 28274 utilized the 

same path.  These vehicles started their trip on Main Street traveling southbound, just 

south of Kennesaw State University, then continued traveling southbound on Old 

Highway 41, then making a right on Kennesaw Avenue SB until the intersection with 

Church St.  The vehicles traveled southbound to Roswell Road, turning right onto 

Roswell Road EB, then finally turning left onto Powers Ferry Road NB into the mall 

area.  Since the route progressions (path) were identical at the $0, $.20, $.50, and $1.00 
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toll rates for these vehicles in the Post managed lane cases, a synopsis of the path is 

provided. Vehicles 28052, 28105, and 28274 began their trip on Main Street SB, just 

south of Kennesaw State University, and then made a southbound left onto McCollum 

Parkway EB which becomes Chastain Road.  The vehicles continue traveling onto 

Chastain Road EB until the intersection with Big Shanty Road.  At Big Shanty Road, the 

vehicles travel southbound and access the managed lane at Big Shanty Road. The 

vehicles then enter the managed lane and travel to the managed lane exit at Roswell 

Road, where the vehicles turn left onto Roswell Road EB.  From Roswell Road EB, the 

vehicles turn left onto Powers Ferry Road northbound where the trip terminates. 

8.3.2 Tolling Summary ï Vehicle 28052 

The tolling summary in Table 17 provides the travel distances, travel times, and 

average speeds for Vehicle 28052 across each facility (Interstate, arterial, and managed 

lane). The tolling summary reveals an interesting phenomenon, namely, the simulation 

runs did not recommend Interstate travel for the entirety of the trip from Main St. SB to 

Powers Ferry NB.   

Table 17: Tolling Summary - Vehicle 28052  

Tolling Summary 5 A.M.  - 8 A.M. PRE 0 toll 20 toll 50 toll 100 toll 

Vehicle # 28052 28052 28052 28052 28052 

Arterial Distance (mile) 8.39 3.34 3.35 3.36 3.35 

Interstate Distance (mile) 0.00 0.00 0.00 0.00 0.00 

managed lane Distance (miles) 0.00 6.30 6.31 6.30 6.31 

Total Distance (miles) 8.39 9.65 9.65 9.66 9.66 

Arterial Travel Time ( minutes) 23.70 10.37 8.65 10.20 9.15 

Interstate Travel Time (minutes) x x x x x 

ML Travel Time ( minutes) 0.00 8.13 10.20 8.28 9.33 

Total Travel Time (minutes) 23.70 18.50 18.85 18.48 18.48 
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Arterial Trip Share Distance 1.00 0.35 0.35 0.35 0.35 

Interstate Trip Share Distance 0.00 0.00 0.00 0.00 0.00 

ML Trip Share Distance 0.00 0.65 0.65 0.65 0.65 

Arterial Trip Share Travel Time  1.00 0.56 0.46 0.55 0.50 

Interstate Trip Share Travel Time 0.00 0.00 0.00 0.00 0.00 

ML Trip Share Travel Time  0.00 0.44 0.54 0.45 0.50 

Average Speed Total Trip  (mph) 21.25 31.29 30.73 31.35 31.35 

Average Speed - Interstate  (mph) x x x x x 

Average Speed - Arterials  (mph) 21.25 19.35 23.21 19.74 21.94 

Average Speed - managed lane (mph) x 46.50 37.08 45.62 40.55 

Travel Time Savings (minutes) x 5.20 4.85 5.22 5.22 

Time of Entry (A.M.) 6:54:37 6:54:37 6:54:37 6:54:37 6:54:37 

The route chosen purely consisted of travel on arterials and the managed lane travel.  

Arterial speeds did not differ significantly between the pre-managed lane case and all the 

tolled cases as the arterial trip share distance represents 35% of total travel distance.  The 

primary reason for the 4.85-minute travel time saving in the 20-cent toll per mile case are 

the reduced speeds on the managed lane which differ as much as nine miles per hour 

when compared to the $0 toll case.  In examining the data for the $0.20/mile case, the 

managed lane speeds were slowest as the vehicle was trying to exit the managed lane at 

Roswell Road.  This slight backup onto the managed lane primarily accounted for 

reduced speed for this case.  For the tolled cases, there is no reason to believe that the 

presence of the managed lane significantly impacted arterial speeds along the trip route. 

Another significant factor impacting travel time savings is the reduction in arterial travel 

distance when comparing the Pre case (8.39 miles vs. 3.35 miles).  Simply stated, average 

speeds on arterial routes were approximately 21.25 mph throughout the trip in the pre-

managed lane case.  After the implementation of the managed lanes, this vehicle spent 

65% of its travel distance utilizing the managed lane.  Therefore, prior to the 
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implementation of the managed lane, this route utilized arterial roads for 100% of the 

trip.   

 

Figure 35: Vehicle 28052 Distance vs Time plot 

However, after the implementation of the managed lane, 65% of the travel was diverted 

to the managed lane from arterial roads traveling at significantly higher speeds. 

Therefore, this diversion was the primary determinant that led to travel time savings. 

Even though trip distance increased by 1.26 miles for travellers utilizing the managed 

lane when compared to the pre-managed lane case, travel time savings are shown to be 

5.20 minutes, 4.85 minutes, 5.22 minutes, and 5.22 minutes for the $0, $0.20, $0.50, and 

$1.00 tolled cases.  As shown above in Figure 35, the Distance vs. Time plot of Vehicle# 
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28052 shows that the tolled cases complete the total 9.66 mile trip in less than 19 

minutes, while it takes almost 24 minutes for the 8.39 mile trip to be completed in the Pre 

managed lane case.  Observations from the pre-managed lane speed data show expected 

slowdowns approaching signalized intersections along the corridor route and significant 

speed reductions along Roswell Road, where signals are more closely spaced.  For the 

managed lane cases, there are some speed reductions on Main Street and when vehicles 

travel along Big Shanty Road towards the managed lane entrance. As Vehicle 28052 

enters the managed lane exit ramp at Roswell Road, as vehicles are queued at the 

intersection at Roswell Road. As Vehicle 28052 travels on Roswell Road EB towards 

Powers Ferry Road, speeds increase to approximately 30 mph. In examining the speed 

data for the pre-managed lane case, average speeds along Old Highway 41, Kennesaw 

Avenue, and Roswell Road averaged around 32 mph, neglecting the stoppages at 

signalized intersections. After the implementation of the managed lane, speeds along 

arterials changed minimally, however, the diversion of 65% of the travel distance to the 

managed lane contributed significantly to travel time savings as shown in Table 17. 

8.3.3 Tolling Summary ï Vehicle 28105 

The tolling summary in Table 18 provides the travel distances, travel times, and 

average speeds for Vehicle 28105 across each facility (Interstate, arterial, and managed 

lane).  
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Table 18: Tolling Summary - Vehicle 28105 

Tolling Summary 5 A.M.  -8 A.M. PRE 0 cent 20 cent 50 cent 100 cent 

Vehicle # 28105 28105 28105 28105 28105 

Arterial Distance (mile) 8.40 3.35 3.34 3.34 3.34 

Interstate Distance (mile) 0.00 0.00 0.00 0.00 0.00 

managed lane Distance (miles) 0.00 6.31 6.31 6.31 6.31 

Total Distance (miles) 8.40 9.65 9.64 9.65 9.65 

Arterial Travel Time (minutes) 20.00 9.92 7.97 7.83 10.08 

Interstate Travel Time (minutes) x x x x x 

ML Travel Time (minutes) 0.00 11.87 10.10 10.22 11.67 

Total Travel Time (minutes) 20.00 21.78 18.07 18.05 21.75 

Arterial Trip Share Distance 100.00 0.35 0.35 0.35 0.35 

Interstate Trip Share Distance 0.00 0.00 0.00 0.00 0.00 

ML Trip Share Distance 0.00 0.65 0.65 0.65 0.65 

Arterial Trip Share Travel Time 100.00 0.46 0.44 0.43 0.46 

Interstate Trip Share Travel Time 0.00 0.00 0.00 0.00 0.00 

ML Trip Share Travel Time 0.00 0.54 0.56 0.57 0.54 

Average Speed Total Trip  (mph) 25.20 26.59 32.03 32.08 26.62 

Average Speed - Interstate  (mph) x x x x x 

Average Speed - Arterials  (mph) 25.20 20.25 25.15 25.61 19.89 

Average Speed - managed lane (mph) x 31.89 37.46 33.13 32.44 

Travel Time Savings (minutes) x -1.78 1.93 1.95 -1.75 

Time of Entry (A.M.) 7:05:12 7:06:25 7:06:25 7:06:25 7:06:25 

The tolling summary above shows a reduction in travel time savings, which is attributed 

to increasing congestion within the managed lane network. In reviewing the tolling 

summaries for Vehicles 28052 and 28105, there are 15 mph, 12 mph, and eight mph 

reductions in average speed within the managed lane network at the $0, $.50, and $1.00 

toll cases when compared to the results from Vehicle 28052.  These reductions in average 

speeds occurred about 2 miles upstream of the Roswell Road exit and at the entrance to 

the Roswell Road managed lane entrance.  While the managed lane distances for both 

Vehicles 28052 and 28105 are roughly the same, the managed lane travel times differed 

by almost four minutes for a 6.30-mile travel time distance.  In Figure 36 below, the $.20 




















































































































































